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"You see, wire telegraph is a kind of a very, very long cat. You pull his tail in New York and
his head is meowing in Los Angeles. Do you understand this? And radio operates exactly the
same way: you send signals here, they receive them there. The only dierence is that there is
no cat."
- Albert Einstein
"Men are like Bluetooth, they’re connected to you when you’re nearby, but search for other
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Looking forward to roam across South-America with my girlfriend, a fresh new Master’s
degree under my belt, but seriously doubting whether my life at Ghent University had come
to an end. The time is July 2009, and I feel like I am at an important crossroad in my life. Do
I follow the ‘normal’ procedure and look for a job, or do I take a leap into the unknown by
responding to the repeated appeals of Nico and apply for a PhD grant in order to do research
on what started out as a ‘silly’ idea one year before ? Flash forward to December 2013, and
I am writing the preface of this dissertation in my recently purchased house, looking at my
wife feeding my brand new son. Looking back, the last four years of my life have felt like a
rollercoaster. Yet I don’t regret a single thing!
Doing research on ‘Bluetooth tracking’ turned out be a one-of-a-kind experience, both
for the good and the bad. Where the novelty of the approach and the lack of an academic
foundation (or colleagues for that matter) often made me feel like the odd one out in aca-
demic circles, it also resulted in a large degree of freedom and a feeling of satisfaction of
being at the forefront of developments. In fact, it was the novelty of the subject and its in-
herently technological character (which would certainly involve programming skills) which
had me hooked from the onset. When the approach was rst applied at the Rock Werchter
Festival in 2009 (Master’s thesis of Bram Van Londersele), the sudden media attention which
ensued pointed out that the concept not only fascinated me (though it must be stated that
some of this interest was also due to a fear of privacy infringements). Ever since, our line
of research has revolved around a number of tracking projects. As time progressed and our
technological capacities and experience grew, the motivation of these projects evolved from
the mere collection of data to the deployment of a complete platform capable of providing
real-time insights on crowds. As a result, I have had the privilege to work together with
many people (inside, but largely outside the academic world) and get a good feeling of the
societal aspects of Bluetooth tracking.
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1.1 Background and motivation
1.1.1 Crowd dynamics and their relevance
Over the years, crowds and their dynamic nature have been studied in a wide area of re-
search elds. Pedestrian behavior at bottlenecks in the built environment, for example, has
important implications for a crowd’s safety in case of evacuations (Daamen and Hoogen-
doorn, 2011; Helbing et al., 2000). Various incidents at mass events have unfortunately
shown that mismanagement of such crowds, panic situations, riots or meteorological events
can lead to disasters with signicant casualties (Dickie, 1995; Helbing and Mukerji, 2012;
Zhen et al., 2008). When interpreted more loosely as a group of of individuals with similar
intentions, the relevance of crowd movements becomes more diverse. In retail environ-
ments, for example, crowds represent potential buyers and the routes they take have pro-
found impacts from a micro-economic perspective. As a result, several eorts have already
been reported to measure, analyze and model shopping behavior, both within stores (Hui
et al., 2009a,b; Larson et al., 2005) and on a larger scale such as a city (Borgers and Tim-
mermans, 1986; Kemperman et al., 2009). Tourists represent another example of a group (or
‘crowd’) with similar goals, and a rich vain of research on their spatiotemporal behavior has




1.1.2 The intangible nature of crowds
Crowd behavior is often simulated, usually either by agent-based models (Batty, 2005; Batty
et al., 2003; Helbing et al., 2000, 2007; Helbing and Molnar, 1995; Hoogendoorn and Bovy,
2004; Pelechano et al., 2007) or cellular automata (Blue and Adler, 2001; Burstedde et al.,
2001; Dijkstra et al., 2001; Kirchner and Schadschneider, 2002). Regardless of the context
and their interpretation, crowds are complex phenomena and any attempt at modeling them
ultimately needs to be validated through empirical movement data. Measuring movements
of crowds and more specically of the individuals constituting them is not a trivial task,
however, for several reasons. First, crowd movements are usually associated with relatively
short pedestrian trips which, in contrast with larger distance transport modes such as air or
rail transport, cannot be traced or reconstructed from statistical data sources. Second, small-
scale movements are only meaningful if their level of detail (i.e. frequency and accuracy of
location registrations) corresponds to the level of detail of the environment they take place
in. Third, crowds are ephemeral entities — in contrast to communities — which negatively
inuences the feasibility of contacting individuals composing them to directly participate
in studies monitoring their movement. Finally, crowds are per denition composed of a
large number of people and can only be aptly interpreted by studying a suciently large
and representative subset of these individuals which in turn further complicates any direct
involvement of studied individuals.
These characteristics function as constraints for any potential methodology aiming to
capture crowd movements. Conventional methodologies such as the shadowing of individ-
uals (Millonig and Gartner, 2011; Quinlan, 2008), direct interviews or the use of trip diaries
(Axhausen et al., 2002; Thornton et al., 1997) are ill-suited for studying crowds as they are
too labor-intensive to scale up from small groups to large crowds. In contrast, observa-
tion through cameras in public spaces does not require the direct cooperation of tracked
individuals. In recent years, substantial progress has been made in inter alia the automatic
detection of moving objects (Rabaud and Belongie, 2006; Viola et al., 2005), crowd behavior
recognition (Saxena et al., 2008), and crowd density estimation (Marana et al., 1998). The
use of video data to track individual movements within crowds remains a highly challeng-
ing task, however, due to dense packing and constant interactions among individuals inside
a crowd, limited viewing angles and changes of illumination and weather conditions. More
importantly, larger areas need to be covered by several cameras, and the reconstruction
of individual movements across multiple camera views under realistic conditions is an un-
solved problem to date. Hence, current applications of video surveillance have achieved to
record the spatiotemporal paths of only few objects in limited spatial environments (Dee
and Velastin, 2007). As a result, video technology is capable of capturing small-scale move-
ments within one camera view (Daamen and Hoogendoorn, 2003; Johansson et al., 2008) but
unable to study crowds moving over larger areas.
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1.1.3 Measuring through ‘proxies’
In contrast with the direct observation of individuals or through video analysis, objects that
are somehow associated with or carried around by persons are often easier to locate through
space and time. A surprising variety of these ‘proxies’ for human movement have already
been studied, including one-dollar bank notes (Brockmann et al., 2006), trackable items or
‘travel bugs’ used in geocaching (Brockmann and Theis, 2008), and public transit smart cards
(Pelletier et al., 2011). Global navigation satellite systems provide a better-known alterna-
tive. After GPS (global positioning system) was announced fully operational for civilian use
in 1995, it took until the turn of the century for the distribution of GPS logging devices to
become more or less mainstream in empirical research (Draijer et al., 2000; Murakami and
Wagner, 1999). Over the years, the number of implementations grew quickly as logging
devices became less expensive and less dependent on active participation of the studied in-
dividual during the tracking period (Andrienko et al., 2013; Bohte and Maat, 2009; Van der
Spek et al., 2009; Van Schaick and Van der Spek, 2008; Vazquez-Prokopec et al., 2009).
In the end, however, it is the mobile phone that is starting to truly revolutionize empirical
research into human mobility as they are equipped with a wide variety of location-aware
technologies (including GPS), and are usually always in close contact with their owners.
With around 6 mobile phone subscriptions for every 5 inhabitants of developed countries,
and around 86 per 100 inhabitants worldwide in 2011 (International Telecommunication
Union, 2012), the potential of using mobile phones as proxies for measuring the movement
of large populations is clearly unparalleled. As a result, several methodologies making use
of mobile phones have gained considerable attention. Roughly, these can be subdivided into
participatory (needing direct collaboration of the mobile phone owner) handset-based solu-
tions and non-participatory network-based solutions. Handset-based solutions, where the
position of the mobile device is determined on the device itself (usually through GPS), typi-
cally involve smartphone applications gathering GPS (and other) data and backend servers
collecting, processing and storing these data. Data gathered in this way include geo-tagged
pictures (Girardin and Calabrese, 2008; Jankowski et al., 2010), shared locations from plat-
forms such as Foursquare (Cheng et al., 2011), shared bike trips (Charlton and Schwartz,
2010) and shared locations during a mass event (Wirz et al., 2013). Alternatively, network-
based methodologies can be used to derive the location of mobile phones without any partic-
ipation of their owners by analyzing datasets of mobile phone operators and deriving which
cell towers phones were connected to when performing a certain activity such as making a
call or sending a text message. Ever since the rst documented use in Milan in 2006 (Ratti
et al., 2006), an increasing number of studies have employed this methodology for both ap-
plied research into tourist (Ahas et al., 2007a, 2008) and commuter dynamics (Ahas et al.,
2010) as well as more fundamental research into human mobility patterns (Candia et al.,
2008; González et al., 2008; Song et al., 2010), geographic borders (Blondel et al., 2010) and
privacy implications (de Montjoye et al., 2013).
At rst sight, non-participatory network-based mobile phone tracking represents a near-
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perfect match for tracking crowds. Locations of phones, however, are usually limited to the
locations of cell towers the phones were connected to during the registration. A study in
Estonia, for example, demonstrated that around 50% of measurements were correct to within
only 400 meters in urban areas and only 2600 meters in rural areas (Ahas et al., 2007b).
Additionally, all reported datasets in the literature only provided locations of phones when
a call or message activity was made. As such, the methodology fails to provide the level
of detail necessary for capturing smaller-scale movement patterns — both in the spatial as
well as the temporal dimension. The spatiotemporal coverage and quality of handset-based
GPS datasets, on the other hand, is highly sensitive to the degree of cooperation of phone
owners.
1.1.4 Bluetooth tracking as a potential alternative
The overview in the previous section indicates that there is no established methodology for
the non-participatory measurement of crowd movements with a spatial granularity ner
than that of a cell tower network. Recently, alternative approaches using short-range wire-
less technologies have been proposed. Although there are a number of candidate technolo-
gies such as WiFi (Bonné et al., 2013) and RFID (Kanda et al., 2007), Bluetooth has gained
particular attention over the last few years. Bluetooth, originally developed in Sweden by
Ericsson in 1994, is a wireless communication technology designed for ad-hoc exchange of
data and information between mobile devices. Ever since its conception, it has quickly be-
come a quasi ubiquitous mobile technology available on an estimated two billion devices
worldwide (Bluetooth Special Interest Group, 2012). Prior to being able to set up a con-
nection between two devices, a ‘master’ device rst needs to inquire for the presence of a
nearby ‘slave’ device. When the Bluetooth functionality of the slave device is turned on
and set to ‘discoverable’, it broadcasts its MAC address to the inquiring master device. This
48-bit identier uniquely identies the Bluetooth module of the device. Although the tech-
nology was originally only conceived as a means of replacing wired connections necessary
for le exchange or synchronization between devices, the idea began materializing over the
years that the ‘proximity’ (Bensky, 2007) sensing of mobile devices could also have other
applications.
In general, two such applications which gained considerable scientic attention are in-
teraction modeling and positioning. Interaction modeling approaches deduce the potential
for interaction between individuals from the physical proximity of the individuals’ devices.
This has caused a diverse range of research avenues into reconstructing social networks
(Eagle and Pentland, 2005; Nicolai et al., 2006), inferring shared interests (Terry et al., 2002),
investigating ‘familiar strangers’ (Paulos and Goodman, 2004), developing social mobile ser-
vices (Rudström et al., 2004), and even modeling political opinions (Madan et al., 2011).
Bluetooth interaction modeling is also relevant to more technically oriented research ques-
tions concerned with ad-hoc forwarding algorithms (Barzan et al., 2013; Hui et al., 2005) or
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delay-tolerant networks (Natarajan et al., 2007). Besides interaction modeling, another ap-
plication is the positioning of mobile devices. Surveying the literature, it becomes clear that
approaches to this end apply two alternative approaches. Since the turn of the last century,
Bluetooth has been intensively studied for indoor location tracking purposes as an alterna-
tive for GPS technology (Feldmann et al., 2003; Hallberg et al., 2003; Madhavapeddy and Tse,
2005; Rodriguez et al., 2005). These approaches are mainly handset-based where devices cal-
culate their own position with reference to a number of static base stations, usually by not
only detecting proximity but also registering the RSSI (received signal strength intensity) of
detections (Pei et al., 2010). As this signal strength is negatively correlated with the distance
between the inquiring and detected device, it can theoretically be used to estimate distances
(Hossain and Soh, 2007) and hence also locations by multilateration (Bensky, 2007).
A second approach involves deploying Bluetooth sensors over a study area and recon-
structing movements by matching the MAC addresses of detected devices with the locations
of the sensors they were detected by. This network-based and non-participatory approach
started materializing after a rst documented trial in 2006 in Bath, UK (O’Neill et al., 2006).
Since then, a growing number of experimental use-cases have been documented. Particular
attention has been devoted to the use of Bluetooth technology for travel time measure-
ments of motorized trac as it represents a simplied approach in comparison to either
number plate recognition or GPS oating car data (Haghani et al., 2009; Hamedi et al., 2010;
Malinovskiy et al., 2011; Martchouk et al., 2010; Wasson et al., 2008). Pedestrian mobility
has also been investigated. Examples include transit time measurements in airport security
checkpoints (Bullock et al., 2010), travel and dwelling time calculations in an urban context
(Malinovskiy et al., 2012), and the automatic registration of public transport users (Kostakos
et al., 2013; Weinzerl and Hagemann, 2007). The ‘Cityware’ project in the United Kingdom
used static Bluetooth sensors to capture mobility traces, and coupled these data with user’s
online social data (Kostakos and O’Neill, 2008). The majority of deployments use static
sensors, but proof-of-concept demonstrations using smartphones as mobile sensors have
already been documented (Malinovskiy and Wang, 2012; Morrison et al., 2009; Stopczynski
et al., 2013). Because of the diversity in application domains, there does not seem to be a
consensus on a common denominator for this non-participatory detection of Bluetooth de-
vices. Following Van Londersele et al. (2009) and Leitinger et al. (2010), the methodology
will be referred to as ‘Bluetooth tracking’ in the remainder of this dissertation.
Due to the non-participatory nature of the approach (no participation is necessary of the
tracked individuals) and the exibility in the locations where sensors are deployed, Blue-
tooth tracking seems particularly promising for collecting mobility traces at mass events.
Not surprisingly, a number of experiments at mass events have already been described in
the last few years. Leitinger et al. (2010) presented a rst concise experiment during the
Donauinselfest 2009 in Austria. Stange et al. (2011) described the analytical workow of us-
ing Bluetooth to monitor human mobility during a Formula 1 race. Andrienko et al. (2012)
used Bluetooth tracking data to highlight the specic characteristics of spatiotemporally
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sparse or ‘episodic’ movement data, and how visual analytics can aid in correctly inter-
preting these data. Larsen et al. (2013) investigated musical preferences of visitors of the
Roskilde festival in Denmark by registering them with Bluetooth sensors near the dierent
stages. Stopczynski et al. (2013) demonstrated a proof-of-concept of using smartphones as
mobile Bluetooth sensors at the same festival.
1.2 Objectives and approach of the study
Over the last few years, Bluetooth tracking has emerged as a promising approach in cap-
turing crowd movements in a non-participatory manner and on a level of detail which can-
not be delivered by records of mobile phone operators. While the number of use-cases at
mass events is gradually increasing, it remains unclear what the ultimate potential of the
methodology is. By building on the limited body of research on Bluetooth tracking to date,
this dissertation has the following objectives:
[i] to comprehensively illustrate and document the benets and issues of Bluetooth
tracking at mass events;
[ii] to explore the potential for applications outside the scope of mass events; and
[iii] to investigate the process of analyzing Bluetooth tracking data and their specic char-
acteristics.
The approach in doing so is application-oriented, where the contribution of each chap-
ter in the dissertation is empirically illustrated on a dierent Bluetooth tracking dataset.
This dissertation is composed of a collection of four academic articles (two of which are
published, one accepted and forthcoming, and one currently under a review process). The
general outline is depicted in gure 1.1 on the facing page. Together, these four chapters rep-
resent the most important research results over the last four years12. Chapter 6 on page 121
nally summarizes these research results, with a special emphasis on issues which require
further research and privacy implications.
In parallel to the publication of these results, substantial eorts and time have also been
devoted to developing a platform capable of gathering, centralizing, and analyzing (both
oine and in real-time) Bluetooth tracking data on a large scale. One of these eorts has
resulted in the GISMO toolkit for oine analysis of Bluetooth tracking data. Appendix A on
page 141 provides both a background on the necessity for such a toolkit and an overview of
its main capabilities by processing a dataset gathered at a music festival. The development
1Due to very recent developments in the eld of Bluetooth tracking and other similar elds, the bibliographies
of some of the chapters which were published earlier are somewhat outdated. For the most comprehensive and
up-to-date overview, readers are referred to the bibliography of this introduction.
2Because all chapters are separately published (or in the process of being published) in dierent outlets, some
repetition between them is unavoidable (in particular with reference to literature studies and the working principle
of the Bluetooth tracking methodology).
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of the GISMO toolkit addresses the third objective of this dissertation. As depicted by the
dashed lines in gure 1.1, the toolkit served an important supportive role for this dissertation
by aiding in the analysis of datasets gathered from static sensor networks in chapters 2, 4
and 5.
Four years and 20 Bluetooth tracking projects have not only resulted in this dissertation,
but also in several oral presentations, a book chapter, reports and ten Master’s Theses which







"The use of Bluetooth for analysing 
spatiotemporal dynamics of human 
movement at mass events: A case study 




"Mobile Mapping of Sporting Event 
Spectators Using Bluetooth Sensors: 
Tour of Flanders 2011"
Chapter 4
RQ 3
Transactions in GIS (forthcoming)
"Time-geographic derivation of feasible 






"Pattern mining in tourist attraction visits 
through association rule learning on 














crowds sensu stricto 
↓ 
crowds sensu lato
Bluetooth tracking data analysis
Appendix B
Accomplishments
Figure 1.1: General outline of the thesis.
1.3 Research questions
The general aims of this dissertation have crystallized into four identiable research ques-




RQ 1: Which opportunities does Bluetooth tracking provide for studying spatiotemporal dy-
namics within crowds at mass events?
This research question addresses the rst objective of this dissertation. Chapter 2 on
page 19, published in Applied Geography (Versichele et al., 2012a), documents the use of
Bluetooth tracking at the ‘Ghent Festivities 2010’ event in Belgium which attracted around
1.5 million visitors over ten days. In contrast to existing scientic contributions, the focus
lies on the methodology itself and on the broad analytical potential in the context of mass
events. The discussion also includes details on the deployed hardware (22 Bluetooth sen-
sors) and software, which aims to make the approach more tangible to a general audience.
Instead of performing one specic analysis, the chapter provides an overview of analytical
possibilities by empirical examples on the dataset which contained more than 150,000 tra-
jectories. These include estimations of crowd sizes at sensor locations, ow sizes in between
these locations, and the usage of public transport by the visitors. The chapter concludes by
discussing both the advantages as well as the remaining issues of the Bluetooth tracking
methodology.
RQ 2: Can Bluetooth technology be used to count and map complex crowds dispersed over
large areas?
Current implementations of Bluetooth tracking usually studied crowds and their dynam-
ics conned to certain event zones (Larsen et al., 2013; Leitinger et al., 2010; Stange et al.,
2011; Versichele et al., 2012a). As the geographical extent of a crowd grows, however, the
feasibility of studying it by a network of static sensors degrades. Examples of such events
are sport events which take place in public space. This research question takes a step back
from RQ 1 by not focusing on mobility or dynamics within crowds as such, but on counting
(determining the crowd size) and mapping (determining its geographic extent) these com-
plex crowds. Chapter 3 on page 45, published in Sensors (Versichele et al., 2012b), starts
addressing the research question by giving an overview of the state-of-the-art in counting
and mapping of crowds. As convential methodologies are problematic due to scaling or fea-
sibility issues, we propose using Bluetooth sensors installed on a mobile platform. A case
study is described where spectators of a cycling race (‘Tour of Flanders 2011’) are mapped
by these Bluetooth sensors moving along the race track. To the best of our knowledge, this
is the rst reported application of the mobile mapping paradigm with Bluetooth technology
to count and map a geographically spread crowd.
RQ 3: How can a crowd’s movement within sensor locations be modeled?
A key characteristic of Bluetooth tracking data — especially in comparison to GPS data
— is its spatiotemporal sparseness. Because sensors are only present at certain locations
in a study area, trajectories are often made up of long time gaps where the location of an
individual is unknown due to his/her device being out of reach of all sensors. Chapter 4 on
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page 67, accepted for publication in Transactions in GIS, explores the possibility of modelling
an entity’s potential path in between two consecutive detections by dierent sensors. Using
the time-geographical framework, it develops a model able to derive potential co-presence of
individuals within a crowd. The model is applied on a dataset from the ‘Ghent Light Festival
2012’, and used to generate a time-series view of the potential spread of the crowd within
sensor locations. By focusing on the spatiotemporally sparse or episodic (Andrienko et al.,
2012) nature of Bluetooth tracking data, this research question adresses the third objective
of this dissertation.
RQ 4: What is the value of Bluetooth tracking outside of the context of mass events?
This rather general research question is addressed by chapter 5 on page 89, currently un-
der review. The chapter proposes the use of Bluetooth tracking in a tourism context and thus
formulates an answer to the second objective of the dissertation. In contrast to the previous
chapters it lets go of the strict denition of crowds, as already discussed in the introduction.
An experiment is described where visits to tourist attractions over fteen days in Ghent
(Belgium) were tracked by Bluetooth sensors. The chapter rst elaborately discusses the
need for a ltering procedure to extract actual visits from the tracking data, and how the
deployment of sensors in hotels and the tourist inquiry desk can provide additional context.
The dataset of visits is subsequently mined by an association rule learning scheme, able to
detect which attractions are more often combined than usual by certain visitor segments.
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Abstract In this chapter, proximity-based Bluetooth tracking is postulated as an ecient
and eective methodology for analysing the complex spatiotemporal dynamics of visitor move-
ments at mass events. A case study of the ‘Ghent Festivities’ event (1.5 million visitors over
ten days) is described in detail and preliminary results are shown to give an indication of the
added value of the methodology for stakeholders of the event. By covering 22 locations in the
study area with Bluetooth scanners, we were able to extract 152,487 trajectories generated by
80,828 detected visitors. Apart from generating clear statistics such as visitor counts, the share
of returning visitors, and visitor ow maps, the analyses also reveal the complex nature of this
event by hinting at the existence of several mutually dierent visitor proles. We conclude
by arguing why Bluetooth tracking oers signicant advantages for tracking mass event visi-
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tors with respect to other and more prominent technologies, and outline some of its remaining
deciencies.
2.1 Introduction
In the last few years the representation and analysis of large volumes of trajectory infor-
mation of objects moving through geographical space has become a major topic of inter-
est in research domains such as geographical information science (Ahlqvist et al., 2010;
Shaw et al., 2008), computer science (Bogorny et al., 2009; Orlando et al., 2007), visual an-
alytics (Andrienko and Andrienko, 2007) and urbanism (Van Schaick and Van der Spek,
2008). This burgeoning academic interest has emerged as a result of the increased feasibil-
ity and aordability of collecting detailed data about spatiotemporal phenomena triggered
by the widespread adoption of location-aware technologies. Past studies have focused on
the movements of various kinds of objects including vehicles (Quiroga and Bullock, 1998),
animals (Laube et al., 2007), bank notes (Brockmann et al., 2006) and typhoons (Terry and
Feng, 2010), but the majority of research has been devoted to human movement in dier-
ent contexts and at various scales. Some examples are the movements of athletes on a pitch
(Laube et al., 2005), tourists on a regional (Ahas et al., 2008) and local scale (Kemperman et al.,
2009; O’Connor et al., 2005; Shoval and Isaacson, 2007b), and customers in a supermarket
(Hui et al., 2009). In these contexts, advanced tracking technologies complement more tradi-
tional qualitative methods, such as shadowing (Quinlan, 2008) and collecting travel diaries
(Axhausen et al., 2002).
Within research on human behaviour, particular attention has been devoted to the collec-
tive behaviour of crowds at mass events such as street parades, festivals, public assemblies,
sporting events, and exhibitions (Batty et al., 2003; Helbing et al., 2007; Zeitz et al., 2009).
Tragic events such as the recent stampede during the 2010 edition of the ‘Love Parade’
in Duisburg show that it is vital to have accurate information on the spatiotemporal ow
of visitors at mass events. However, the collection of quantitative movement data by the
use of advanced tracking technologies, with GPS (global positioning system) as the main
example, in these contexts raises serious issues concerning feasibility. Distributing and rec-
ollecting tracking units to a sucient number of individuals within the crowd is indeed a
labour-intensive and expensive process. Additionally, GPS usage in dense urban settings
and inside buildings engenders problems due to signal distortion.
To date, video surveillance on the basis of closed circuit television (CCTV) has been the
customary approach to capture human motion in crowded environments. Technological
advances in the last decade have led to a large number of distinct research topics related to
video surveillance including crowd density estimation, crowd behaviour monitoring, and
face detection and recognition in crowds (Saxena et al., 2008). Despite substantial progress
made in recent years, however, the use of video data to track individual movements within
crowds remains a challenging task. First, dense packing and constant interactions among
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individuals make it dicult to unambiguously distinguish between individuals in a crowd.
Second, limited viewing angles and changes of illumination and weather conditions highly
complicate the visual recognition of individual spatial patterns from imagery. Finally, di-
culties also arise with respect to the reconstruction of individual movements across multi-
ple camera views, which is a necessity for larger study areas. Hence, current applications
of video surveillance have achieved to record the spatiotemporal paths of only few objects
in limited spatial environments (Dee and Velastin, 2007), inhibiting its use as a tracking
technology in the context of mass events.
In response to these issues and given the ubiquity of Bluetooth-enabled devices such
as mobile phones and personal digital assistants (PDA) carried around by their owners,
Bluetooth technology has increasingly been suggested as a simple and low-cost alternative
for the reconstruction of spatial behaviour (Bullock et al., 2010; Fatah and Mottram, 2007;
Leitinger et al., 2010; Van Londersele et al., 2009; Versichele et al., 2010; Wasson et al., 2008).
Designed as an open and wireless communication technology by Ericsson in 1994, Blue-
tooth has become a well-known and widely implemented standard for wireless exchange of
data between devices. If devices are set to be ‘discoverable’, the movement of the devices
— and by extension their users — can be reconstructed by means of a unique Media Access
Control (MAC) address that gets broadcasted in the discovery process. Because this xed
MAC address cannot be linked to any personal information such as names or phone num-
bers (contrary to the ‘friendly name’ of the device), tracked individuals remain anonymous
avoiding potential privacy infringements. Applications of Bluetooth tracking include the
estimation of travel times on highway segments (Haghani et al., 2009; Wasson et al., 2008),
public transport usage in Graz (Weinzerl and Hagemann, 2007), movement behaviour in a
shopping mall (Millonig and Gartner, 2008), and functioning as an extension on social data
gathered from Facebook in the ‘Cityware’ project (Kostakos and O’Neill, 2008).
Because Bluetooth allows for non-participatory, unannounced and simultaneous tracking
of a large number of individuals, it is particularly useful to study visitor ows at mass events.
Despite this potential, only pilot studies using Bluetooth tracking at mass events have been
reported (Leitinger et al., 2010; Van Londersele et al., 2009). This chapter aims to signicantly
augment the current knowledge by reporting on a recent and comprehensive experiment
using Bluetooth as a tracking technology. The experiment was carried out at the ‘Ghent
Festivities’, one of the largest outdoor cultural events in Europe which lasts for ten days
and attracts around 1.5 million visitors. This setting oers a challenging test bed in terms of
crowd size, duration of the event and spatial extent of the study area. The aim of this case
study was to explore the potential of Bluetooth tracking for studying the spatiotemporal
dynamics of visitors at mass events by highlighting a selection of analytical possibilities
with the gathered data and showing the corresponding results.
The remainder of the chapter is organised as follows. Section 2.2 on the next page gives
a brief discussion of Bluetooth as a tracking technology. Section 2.3 on page 24 describes
the background and experimental design of the case study, and in section 2.4 on page 27 we
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describe the preprocessing of the tracking data. In section 2.5 on page 28, we present the
results of this study. Finally, we contextualize these results, argue why Bluetooth tracking
has the potential to become a valuable methodology for studying the dynamics associated
with mass events, and outline some of its remaining deciencies in section 2.6 on page 37.
2.2 Bluetooth as a tracking technology
2.2.1 Working principle
Bluetooth is a short-range, low-power and open protocol for implementing Wireless Per-
sonal Area Networks (WPAN) between mobile devices. It operates on the Industrial, Sci-
entic and Medical (ISM) frequency band (2.4 GHz). To minimize potential interference
with other technologies using this crowded radio band (WiFi, microwave ovens, etc.), Blue-
tooth employs a frequency hopping technique (Bensky, 2007). For technical details about
the Bluetooth protocol and the discovery and communication process, the reader is referred
to Peterson et al. (2006). In brief, the process can be summarized as follows. To set up a
Bluetooth network (‘piconet’) in which all devices follow the same hopping frequency to
communicate with each other, a Bluetooth device rst needs to be discovered by a master
device during an inquiry phase. This master device enters the ‘inquiry’ substate and starts
transmitting inquiry packets, which triggers unknown devices within the detection range of
the master device that are in the ‘inquiry scan’ substate (‘discoverable’) to respond by trans-
mitting an identication message containing their MAC address and class of device (COD)
code. In a next phase, called the page phase, the master and slave devices synchronize their
internal clocks to align their frequency hopping schemes and start communicating.
All Bluetooth scanners used in this study functioned as master devices, continuously
broadcasting inquiry messages and listening for the responses of other discoverable devices
that passed within their radio range. This way, mobile devices were detected without the
need for an actual connection with the scanner. All further processing was done in the scan-
ner. In comparison with other studies that did need a connection (Hay and Harle, 2009), the
methodology used in this experiment is better suited for mass events where the participa-
tion of the tracked individuals should be minimal. Every time a device was detected, its
MAC address, COD code, and the timestamp of the detection were registered. Additionally,
the received signal strength intensity (RSSI) of the inquiry response was registered. This in-
tensity value is inferred from the received power level with which the response packet was
detected by the scanner and is theoretically negatively correlated with the distance between
the scanner and the detected device (Hossain and Soh, 2007). Although it is technically pos-
sible to also register the ‘friendly name’ of the device (which can be changed by the users),
this would signicantly slow down the scanning process. Additionally, part of the tracked
population might be identied by the inclusion of names or phone numbers. As this would
raise serious privacy issues, this information was not registered.
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In theory, the RSSI values registered by dierent scanners can be used to calculate the
position of a mobile device through multilateration (Bensky, 2007; Kelly, 2010). Although
some studies have reported acceptable accuracies in indoor environments, they have also
outlined problems with multipath fading due to obstructions in these environments (Feld-
mann et al., 2003; Zhou and Pollard, 2006). Because of the complex environmental setting
and the resulting unpredictability of the propagation of Bluetooth signals, positioning in
this case study was done through the ‘proximity’ principle, where the position of a detected
mobile device is approximated to the position of the sensor by which it is detected (Bensky,
2007). This way, the path of a mobile device is reconstructed by means of a sequence of
time intervals spent within the detection ranges of dierent Bluetooth scanners. The preci-
sion of the resulting trajectories ultimately depends on the detection range of the Bluetooth
scanners, and on their number and distribution over the study area. In theory, Bluetooth
devices are classied into three power classes. Class 1, 2 and 3 devices support theoretical
ranges of 100 meters, 10 meters and 1 meter respectively. The observed detection range,
however, depends on how many obstructions the signal encounters between the scanner
and the mobile device (buildings, furniture, clothing, people, etc.).
2.2.2 Equipment
Figure 2.1 on the following page shows the hardware components used in this Bluetooth
tracking experiment. A Bluetooth ‘scanner’, as referred to in the remainder of this chapter,
is a combination of a computational unit running the scanning software and processing and
storing the results (1), a power source (2), and a USB cable (3) to connect the computational
unit with a Bluetooth sensor (4–5). The heart of the computational unit was an ALIX moth-
erboard (alix2d2, alix3d2), equipped with a 1 Gb CompactFlash card for storing log les.
The operating system was an adapted version of Voyage Linux (based on Debian 5, 2.6.32.15
kernel), and the scanning software, Gyrid1 (version 0.3.3), was developed at our research
group. It is a python implementation built around the BlueZ Bluetooth stack (version 4.63).
In order to control the detection range, dierent Bluetooth sensors were used. In this
study, we used a combination of class 2 (D-Link DBT-122) and class 1 (Sena Parani UD-100)
devices. These are respectively shown as numbers 4 and 5 in gure 2.1 on the next page.
At most locations, class 2 devices without an external antenna were used. Where a larger
detection range was necessary, a class 1 device with a replaceable antenna was used. Two
types of omnidirectional antenna were available with gains of 3 dBi (6) and 5 dBi (7). The
higher the gain of the antenna, the higher the detection range was. Experiments showed
that the detection ranges deviated considerably from the theoretical ranges in case of line-
of-sight detections (up to 100 meters for the class 2 device, and 300 m for the class 1 device




Figure 2.1: Bluetooth hardware used in the tracking experiment: computational unit (1), power source
(2), USB cable (3), class 2 Bluetooth dongle with internal antenna (4), class 1 Bluetooth dongle (5), and
3 dBi (6) and 5 dBi (7) omnidirectional antennas.
2.3 Background and experimental design
2.3.1 Description of the event and study area
The ‘Ghent Festivities’ is a ten day long cultural and theatre festival taking place in the
historic city centre of Ghent in Belgium. Besides stage events at the larger public squares
(starting in the evening), there are also random small street acts during the day resulting
in an almost continuous ow of events. The festival has grown from a small event in the
sixties attracting only local residents, to a genuine mass event attracting visitors from larger
distances. Because of the size and the openness of the event — most activities in the festival
are free, and there are no explicit entrance or exit points — collecting quantitative data such
as visitor counts is challenging. The resulting lack of quantitative data acts as a bottleneck
for research into the spatiotemporal dynamics of visitor movements. Exemplary to this
is the issue of calculating the total number of visitors that attend the festival, which has
traditionally been estimated by using proxy variables such as the daily amount of waste
collected in the centre and the number of tram or bus tickets sold (Jansen-Verbeke et al.,
2003). As such, estimations vary but the general consensus is that 1.5 million (non-unique)
visitors attended the festival in 2010. Other than this rough gure and the use of video
technology by the police department to give a qualitative indication of crowdedness, little
is known about the general movement patterns of these visitors within and around the
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festival site, how long they stay at the festival, the number of days they visit the festival,
which transport mode they use in order to reach the festival, etc. This chapter aims to
highlight the potential of Bluetooth tracking for understanding such crowd dynamics, and
thereby signicantly complement the (little) quantitative data that is currently available.
In order to manage such a large event in a relatively small area, a body of regulations has
been prescribed by local authorities and other stakeholders (police department, re depart-
ment, festival organisers and residents). Specic rules apply in the ocially documented 4.5
km2 festivities zone, surrounding the historic part of the city centre. This zone comprises 11
public squares which act as major attractors because of on-stage performances, bars, food
stands, fairs, etc. Because of the large size of the event, mobility issues regarding the move-
ment of visitors to and from the event are also important. Consequently, the study area was
dened larger than the festivities zone sensu stricto, and we also focused on the two main
train stations in Ghent, and a park&ride facility in the southwest. In this park&ride facil-
ity visitors could park their car and subsequently take a tram to the city centre. A general
overview of the study area is depicted in gure 2.2 on the following page. A summary of the
dierent locations that were covered with a Bluetooth scanner is given in the next section.
2.3.2 Selection of scanner sites
Given the limited range of the Bluetooth scanners and the size of the event, a full coverage
of the entire study area was impossible from a practical point of view. Instead, a careful
selection of strategic coverage sites was made after consultation with local policy makers
and urban experts with the purpose of collecting as many signicant individual movements
as possible. The spatial distribution of the selected locations is depicted in gure 2.2 on
the next page. In total, 22 locations were covered. In order to capture the main bulk of
movements between the 11 public squares, a scanner was placed at each square (scanners
1–11). A selection of points of access around the festivities zone was also covered (scanners
12–19). One of these was located in the busiest shopping street of Ghent (scanner 12). The
two main train stations of Ghent were also covered with a Bluetooth scanner at locations
where the majority of train passengers needed to pass by. Finally, the tram station next to
the park&ride facility in the southwest was covered by two scanners in order to be able
to track all passengers. In the rest of the analyses, these two scanners are regarded as one
scanner by merging all detections. All scanners were operating for the entire duration of
the event, except for scanners 13–19 (points of access) which were only operational during
the two rst days of the festival. As mentioned above, the type of sensor was chosen in
function of the desired detection range at each site. Inside the festivities zone, the scanners
in the smaller squares (scanners 5, 6, 8, 9 and 11) were equipped with a class 2 Bluetooth
dongle and the scanners in the larger squares (scanners 1, 2, 3, 4, 7 and 10) with a class 1
Bluetooth dongle. The type of antenna for the latter dongle was chosen in function of the
size of the square that needed to be covered (the larger the area, the higher the gain). As
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Figure 2.2: Overview of the study area and location of Bluetooth scanners.
such, scanners 1, 2, 3, 4 and 7 used a 5 dBi external antenna, and scanner 10 a 3 dBi external
antenna. All scanners outside of the festivities zone used a class 2 Bluetooth dongle.
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2.4 Preprocessing
The raw data consisted of log les on the dierent scanners having the following format:
timestamp of detection, MAC address of the detected device, COD code of the detected
device, RSSI of detection. After merging the log les of the dierent scanners, the dataset
consisted of 263,680,889 loglines. In order to obtain a compressed dataset, the scanners
were programmed to create a second set of log les during the scanning process in the
following compressed format: timestamp, MAC address of the detected device, COD code of
the detected device, ‘in’/‘out’/‘pass’. A buer time of 10 seconds was used to create detection
time intervals from the detection time points. ‘In’ was written when a device entered the
detection range of the sensor, and ‘out’ was written when the device left the range. ‘Pass’
was used for solitary detections with no prior or later detections within 10 seconds. This
way, the dataset was compressed by 91% to 23,889,850 loglines. Figure 2.3 shows an extract
of both types of logged data. Over the entire duration of the event, 102,467 unique devices
were detected over all covered locations. The majority of these were detected at least once
inside of the festivities zone (88,763 devices or 87%). The remainder of the analyses were
done using a ‘geographical information system for moving objects’ (GISMO), implemented











Figure 2.3: Extract of logged data showing the raw time point detection data (top) and the com-
pressed time interval data (bottom). This example shows one Bluetooth device (MAC address
20:21:A5:45:40:40) being detected 5 times on 20/07/2010 between 17:53:38 and 17:53:55 (CEST:
Central European Summer Time). The buer time of 10 seconds causes the raw data to be split into
two separate detection time intervals (in→ out). The COD code of the device (5898756) shows that
this was a regular cell phone.
Because this study uses mobile devices as a proxy for detecting the movements of their
mobile users, we have analysed the dierent types of devices that were detected by the
Bluetooth scanners. As mentioned above, detectable devices respond to the inquiry call of
the scanners by transmitting their class of device code. This code directly corresponds to
certain types of devices. The scheme that is thereby followed was created by the Bluetooth
SIG (Special Interest Group) and distinguishes between six major classes (‘Audio/Video’,
‘Computer’, ‘Imaging’, ‘Network Access Point’, ‘Peripheral’ and nally ‘Phone’). Addition-
ally, some devices do not publish their COD (‘Unknown’). The minor classes give more
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information about the specic kind of device within each major class. They distinguish,
for example, between cell phones and smartphones, laptops and desktops, etc. Taking both
major and minor classes into account, the dataset was divided into three general kinds of
devices: phones (91%), handsfree car kits (7%) and other devices (2%). The car kits represent
cars, while the phones represent persons. The other devices devices could not be directly
linked to a (moving) person. Because this study focuses on the movements of persons, only
phones were withheld in the remainder of the analyses. The resulting dataset consisted of
80,828 phones or visitors that were detected at least once in the festivities zone during the
event.
Because the ‘Ghent Festivities’ span multiple days, some of the visitors visit the event
on more than one day. Consequently, there is a need for a distinction between visitors (the
person itself modelled as a moving object with a xed identier) and their visits (modelled
as trajectories generated by the moving object). Because of the continuous ow of events, a
xed time point at which to split trajectories was not available. Accordingly, an algorithm
using a ‘maximum time gap’ parameter was developed. Trajectories containing gaps be-
tween detections with a duration of more than this maximum time gap were split into two
subtrajectories. After careful exploration of the dataset, this parameter was set at 5 hours.
As a consequence, the 80,828 detected phones/visitors that were detected at least once inside
of the festivities zone were responsible for 152,487 trajectories/visits in total.
To make predictions about the entire visitor population, observed numbers of detected
phones/trajectories need to be extrapolated to estimated numbers of visitors/visits. In or-
der to do this, the ‘detection ratio’ (the percentage of visitors that gets detected by means
of a mobile device with a visible Bluetooth interface with respect to the entire population)
needs to be known. To this end, we compared visual counts of passing people in smaller
passageways with the number of Bluetooth devices detected during the same time period by
a mobile scanning setup (laptop + class 2 Bluetooth dongle). In order to preserve privacy, we
did not record any images in this process. Ten such experiments were conducted at eight
dierent locations, each of them over a time period of 15 minutes. Averaging the results
yielded a general estimation of the detection ratio of 11.0±1.8%. This ratio can be used to
roughly estimate total numbers of visitors/visits from numbers of detected devices/trajec-
tories. Care should be taken, however, when generalising insights gathered from tracked
visitors to the entire visitor population. This is due to the possibility of sample bias resulting
from dierent detection ratios in dierent population segments, which is further discussed
in section 2.6.3 on page 39.
2.5 Results
In the remainder of this section, we will highlight some of the analytical possibilities of
Bluetooth tracking data in the context of mass events by showing a selection of concrete
results from the ‘Ghent Festivities’.
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2.5.1 Total number of visitors and visits of the event
Given the detection ratio of 11.0±1.8%, we can estimate the total number of unique visitors
and visits (or ‘non-unique’ visitors). This leads to an estimation of around 735,000 unique
visitors (minimum: 630,000, maximum: 880,000) and around 1.4 million visits (minimum:
1.2 million, maximum: 1.7 million). The estimation of 1.5 million visitors made by the city
department is apparently in line with our estimations.
2.5.2 Total number of unique visitors per location during one day
The aggregated number of phones that is detected over a certain time interval on a Bluetooth
scanner gives an indication of the total number of visitors that passed within the detection
range of a sensor during that time interval. Because of the strategic locations of the Blue-
tooth scanners, the tracking data can be used to estimate the number of visitors that visit
each location in and around the festivities zone. This is illustrated in gure 2.4, which shows
the number of phones detected at each public square during the third day of the event. It is
immediately clear that some squares attract considerably more visitors than others. Square
3, for example, attracts more than three times as many visitors than square 11 (7,639 vs.
2,347 detected phones) over the course of a day. In general, the public squares in the south-
west of the festivities zone attract most visitors, reecting the fact that the largest and most
popular squares are situated there as well as the main points of access. By multiplying these
counts with the previously dened detection ratio, it is possible to make a rough estimation
of the total number of visitors that visited each location. The busiest square for example
attracted around 70,000 visitors on that specic day.
Figure 2.4: Aggregated number of detected phones on the third event day of the ‘Ghent Festivities’
(19/07/2010 11 am until 20/07/2010 7 am) at the 11 public squares and the main access point (12).
29
Chapter 2
2.5.3 Varying number of visitors in the entire festivities zone over
time (day, hour)
By aggregating the number of detected phones over regular time periods, it is possible to
calculate the crowdedness at a location over time. Additionally, a number of locations can be
generalised into one zone to estimate zonal crowdedness. For this case study, we calculated
the crowdedness in the festivities zone at time resolutions of one day and one hour. This is
illustrated in gure 2.5 on the next page. Aggregating over one hour time windows results
in a very smooth curve with sharp troughs in the morning (usually around 7 am). The
peaks are also usually sharp and situated around 11 pm except for days 2, 5 and 9 where a
broader peak in the late afternoon is observed. These correspond to two Sundays and the
national day of Belgium (21 July), and these days are known to attract more daytime visitors
(such as working couples with children). As a result, the sharp peaks around midnight do
not appear because of the relatively larger crowdedness earlier in the afternoon. The three
busiest days are immediately visible: the fourth day is the most crowded with almost 10,000
detected phones or 90,000 unique visitors in the festivities zone between 11 and 12 pm. The
little peak during the build-up of the rst day is due to the opening parade on the rst day
attracting specic visitors leaving immediately afterwards. To aggregate over daily periods,
one should carefully consider how to dene a day. Looking at the hourly crowdedness, it
does not make sense to dene days starting and ending at midnight because that is generally
the most crowded period of the day. Doing so would cause the Bluetooth observations to
be segmented by unnatural breaks. Consequently, we have considered the starting point of
an ‘event day’ to coincide with the on average least crowded moment of a day, i.e. 7 am.
The daily aggregates again show the three busiest days with day 4 peaking at almost 20,500
detected phones or 190,000 visitors.
2.5.4 Changing distribution of the crowd in the festivities zone over
time
Although the varying crowdedness in the festivities zone already oers valuable insights for
all stakeholders of the festival, it does not take the spatiotemporal dynamics of the crowd
within the zone into account. As a rst and general approach to shed light onto these dy-
namics, we have examined the changing distribution of the crowd over the dierent public
squares in the festivities zone over time. This was done by slicing the data into time peri-
ods of one hour, and counting the number of phones detected at each public square during
each time period. Subsequently, these numbers were summated over the ten event days.
The resulting chart in gure 2.6 on page 32 shows the changing distribution of the crowd
in the festivities zone during a generalized event day. A clear trend is visible where the
crowd is evenly distributed over the entire centre for most of the day, but condenses to a
smaller set of squares during the night. Especially locations 8, 9 and 10 seem to attract a
specic night audience (together they attract around 50% of the entire audience between 5
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Figure 2.5: Daily (event days starting and ending at 7 am) and hourly number of detected phones over
the entire festivities zone as an indicator of crowdedness. Solid vertical gridlines point to midnights,
dashed vertical gridlines are plotted every 4 hours.
and 6 am). This well-known phenomenon is caused by visitors gathering in this area after
midnight and staying until the morning. Although it is not shown in this gure, this trend
was visible during every day.
2.5.5 Returning visitors
Because of the xed MAC address assigned to each device, it is possible to investigate how
many detected visitors visit the event for more than one day. This was done by counting the
number of trajectories (visits) per phone (visitor). If a trajectory comprised more than one
day, only the rst day was considered to prevent potential errors from visitors staying longer
than 7 am and being registered as two-day visitors. The result is shown in gure 2.7 on the
next page. There is a dominance of one-day visitors with respect to returning visitors (65%
vs. 35%). Furthermore, the share of returning visitors decreases with an increasing number
of visit days (from almost 14,000 phones for 2 days to 131 phones for 10 days).
The share of returning visitors at each public square separately was calculated to gain
insight into the tendency of returning visitors to visit the same squares in the festivities
zone. The used procedure was the same as described in the previous paragraph. The result is
depicted in gure 2.8 on page 33. Squares 9 and 10 are characterised by a higher than average
degree of returning visitors (21.6±0.2% for these two squares vs. 13.5±3.4% for the other
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Figure 2.6: Distribution of the detected crowd over the dierent public squares in the festivities zone
over time (hourly aggregates, summated over the ten event days).
Figure 2.7: Share of detected phones in function of the number of visit days.
squares), whereas locations 5 and 11 exhibit a lower degree. The anomalous observations at
locations 9 and 10 can again be attributed to their functionality as night hubs of the event.
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Apparently, visitors of this area seem to return for more than one day more often than the
average visitor at other locations. Square 5 is a smaller square in the centre of the festivities
zone, and a signicant portion of the more general public (consisting largely of one-day
visitors) needs to pass this location to walk around the centre. The result at square 11 is
inuenced by its proximity to the border of the festivities zone and hence to movements
that are not related to the event.
Figure 2.8: Share of phones detected on more than one day at the dierent public squares inside of
the festivities zone.
2.5.6 Transportation mode
Bluetooth tracking data can additionally oer information on transportation modes by a
careful selection of sensor locations: train users can be distinguished in a train station,
tram users in a tram stop, car users in a parking lot, etc. In this case study, train users
were detected by scanners in the two train stations of Ghent. Visitors making use of the
park&ride facility outside the centre were detected at the main tram stop upon entering
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the tram taking them to the centre. Users of other transport modes were harder to track
because of a lack (pedestrians, cyclists) or an excess (car and bus users) of xed departure
points. Despite the fact that not all transport modes were detected, these two groups do
represent visitors coming to Ghent from larger distances. As an illustration, we calculated
their relative shares within the total visitor population for the dierent days of the event.
The result is shown in gure 2.9. The relative share of tram users clearly varies more over
time (3–7%) than the share of train users (5–6%). Remarkably, the share of tram users follows
the exact same trend as the daily visitor counts in gure 2.5 on page 31. Apparently, there
is a systematically larger share of visitors making use of the park&ride facility and going to
the city centre by tram on the busier days. This is interesting as it could indicate a change
in composition of transport modes of the public over the dierent days.
Figure 2.9: Relative share of train and park&ride users on the dierent days of the event.
2.5.7 Visit duration
Technically, there are two methods of estimating the duration of a visit to the ‘Ghent Festiv-
ities’. The rst method involves measuring the total duration of detection by generalising
the detections over the dierent public squares into one zone. Because of the incomplete
coverage of the study area, however, gaps occur in between the detections. Algorithms can
merge all co-located detection intervals within a certain time threshold of each other, but
the correct choice of this threshold is problematic without accurate and systematic com-
parisons with ground truth. Consequently, we chose to estimate the duration of a visit in
a second way. Because some access points around the festivities zone were covered during
the rst two days, the duration between two detections at an access point separated by one
or more detections in the festivities zone can also be used as a proxy for the duration of a
visit. The resulting distribution in gure 2.10 on the next page exhibits a wide spread around
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its median value of 3.5 hours. The majority of this subpopulation of visitors seems to visit
the event for only a few hours, while the large positive skew shows that other visitors stay
much longer (1,036 trajectories or nearly 11% of the sample stay for at least 7 hours). Be-
cause there seems to be a large variability in visit duration among (certain types of) visitors,
the median value should be regarded as a very rough generalisation of this distribution.
Figure 2.10: Histogram of the duration of a visit to the ‘Ghent Festivities’ (class-width: 15 min, sample
size: 9,648). The average value is depicted by the solid line (3 hours, 53 minutes and 58 seconds), the
median value by the dashed line (3 hours, 32 minutes and 42 seconds).
2.5.8 Flow analysis
Although our methodology can only analyse ows of visitors carrying discoverable devices,
the discovered patterns and trends can aid stakeholders to make well-informed decisions
regarding crowd-management and security in general. By making a time series of these ow
diagrams, it is possible to investigate the time-dependency of visitor ows and link them to
factors that potentially inuence the movements such as the time and order of performing
artists at the dierent locations. In this chapter, we limit the ow analysis to the third event
day (19/07–20/07) and study the ows without an in-depth look at their inuencing factors.
A ow from location A to location B is dened as the number of mobile devices that is
subsequently detected at A and B over a maximum time period of 30 minutes, without
being detected at any other locations in between. Figure 2.11 on the following page shows
four characteristic snapshots of the visitor ows during this event day. Regular time periods
of 30 minutes were used to generate the dierent snapshots, and ows were attributed to
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their respective time period according to their departure time. The rst snapshot (a) shows
that the majority of the ows in the afternoon take place in the southwest of the festivities
zone. A clear west-east and north-south axis is visible. Later at night (b), movements seem
to condense along the west-east axis. The large ow from location 2 to 1 — which was
also the largest ow of the entire event day — is related to the performance of a popular
artist at location 1 at 11 pm which temporarily caused square 1 to be closed to prevent
overcrowding. Around 3 am (c), ows pointing to the night-hub in the northeast (squares 8,
9 and 10) dominate. Later in the morning (d), there are still considerable ows to this area
but ows moving back to the southwest dominate more. Since there are no programmed
events at this time in the southwest, these ows largely consist of visitors leaving the event.
(a) 19/07/2010 4 pm–4:30 pm (b) 19/07/2010 10 pm–10:30 pm
(c) 20/07/2010 3 am–3:30 am (d) 20/07/2010 4:30 am–5 am
Figure 2.11: Four snapshots of visitor ows in the festivities zone during periods of 30 min. The
direction of the arrow indicates the direction of the ow, the width of the arrow indicates its size. The
widths of the arrows are normalised to the size of the largest ow during each time period separately
(indicated by the number next to the widest arrow). The numbers in the circles refer to gure 2.2 on
page 26. Locations 8 and 9 were generalised into one zone ‘89’ for easier representation. Movements
taking less than 30 seconds or longer than 30 minutes were discarded, and the remaining movements
were allocated to the time period containing their departure time.
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2.6 Discussion and conclusion
The discussion is organised as follows. First, the added value of Bluetooth tracking for mass
events is discussed by reviewing the results generated for the ‘Ghent Festivities’. Next, we
describe why Bluetooth has a high potential as a tracking technology in this specic niche of
use-cases. We conclude by highlighting some remaining issues and weaknesses concerning
the methodology, and make suggestions for further research.
2.6.1 The added value of Bluetooth tracking for mass events
We were able to generate a huge dataset of movement trajectories with a limited number of
scanners. Around 100,000 devices were detected over ten days. This is equal to the amount
that was detected by 450 nodes over four months in the ‘Cityware’ project, based in the
United Kingdom (Kostakos and O’Neill, 2008), and about 5 times higher than the amount
detected by 16 scanners over two days in the ‘Donauinselfest’ (Leitinger et al., 2010). Com-
paring the total number of detections in the raw data with the number of detected devices,
we can see that each device was on average detected 240 times by one or more of the scan-
ners. This is a rst and strong indication that the employed technology and system are able
to manage the huge ow of information generated by tracking visitors of very large mass
events such as the ‘Ghent Festivities’.
In order to determine the true quality of the gathered tracking data, the extracted in-
formation needs to be confronted with reality. One such gure is the number of devices/
trajectories in the database as representatives of visitors/visits, which can be estimated by
means of a detection ratio. Our detection ratio estimate of 11% seems higher than the ones
of 7% found in two other studies (O’Neill et al., 2006; Weinzerl and Hagemann, 2007). The
increasing penetration of the Bluetooth technology in recent years might be responsible,
but ultimately there is a need for more automated and accurate ratio estimations if Blue-
tooth tracking results are to be extrapolated to an entire population of moving individuals.
Nevertheless, the estimated number of visits calculated from our dataset seems to closely
correspond to the estimation made by the city department (1.4 vs. 1.5 million respectively).
This indicates that the detection ratio is reasonably accurate and that there is no signicant
problem with devices somehow escaping the detection ranges of our scanners (O’Neill et al.,
2006).
Both the daily and hourly variations of crowdedness in the festivities zone showed a
smooth prole with recurring peaks and troughs. The crowd density proles for the sep-
arate public squares (not shown) followed similar patterns, highlighting the suitability of
Bluetooth tracking for studying spatiotemporal crowd density variations at specic loca-
tions or zones. Apart from distinguishing between crowded and less crowded days, we
were also able to identify three days characterised by a relatively larger share of afternoon
visitors.
Large events such as the ‘Ghent Festivities’ are known to attract a wide spectrum of
37
Chapter 2
visitors with dierent tendencies and expectations. This is noticeable in the rest of the
analyses. While the public squares in the southwest of the festivities zone attract the main
share of visitors (Figure 2.4 on page 29), the squares in the northeast clearly function as a
night-hub of activities (Figure 2.6 on page 32). Additionally, visitors of this night-hub seem
to return more regularly than visitors that avoid this area (Figure 2.8 on page 33). Despite the
clear dominance of one-day visitors (Figure 2.7 on page 32), the large size of the event makes
that the relatively small share of visitors that attend the event for several days nevertheless
constitutes a group of considerable size. As an example, 2,173 phones were detected during
at least seven days, which represents a group of around 20,000 visitors.
It was possible to make an estimation of the average visit duration, but the resulting
distribution (Figure 2.10 on page 35) again pointed to the existence of two (or more) types
of visitors: a majority that only visits the event for a few hours and a relatively smaller
group that stays considerably longer. As a result, the median value of 3.5 hours does not
reect all visitors and probably lies closer to the average visit duration of the majority of
the public than that of the longer staying visitors.
Because of the coverage of two train stations and a large park&ride facility outside the
centre, the transport mode of roughly 10% of the visitors could be determined (either train
or tram after parking the car). A preliminary analysis showed that the share of visitors using
the park&ride facility was disproportionally higher on days where more visitors in general
attended the event. This could reect a temporal change in composition of transport modes,
but more research and a higher coverage of transport modes are necessary to conrm this
hypothesis.
A concise ow analysis exposed a typical spatiotemporal pattern over the course of one
event day that was in agreement with on-eld experiences of the city and police depart-
ment. Together with qualitative estimations of crowd density by means of video cam-
eras distributed over the festivities zone, they are especially valuable for assisting crowd-
management specialists.
2.6.2 The ‘Bluetooth niche’
If a tracking technology is to be suitable for studying spatiotemporal dynamics of crowds at
mass events, it needs to comply with certain requirements. In this section, we explain why
Bluetooth tracking can potentially ll this niche by comparing with two other technological
candidates for this use-case: GPS and mobile positioning of cell phones (Ahas et al., 2008;
González et al., 2008).
First and foremost, Bluetooth tracking oers the ability to track a very large number of
individuals in an easy and relatively inexpensive way. A large population sample is often
necessary to understand the complex dynamics involving crowd movements at mass events.
Other tracking technologies, such as GPS, only reach a small subset of individuals because
of the low penetration rate in the general audience (Ratti et al., 2006). Additionally, they
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involve the tracked individual in a direct way (e.g. by distributing and later recollecting
logging units). This renders the tracking process labour-intensive, and makes it prone to
possible bias since individuals might behave dierently because they are aware of being
tracked or because certain population segments might be more inclined to cooperate with
such experiments and hence be over-represented in the resulting dataset. Mobile position-
ing datasets are usually even larger than Bluetooth tracking datasets, but cooperation with
mobile operators has proven to be dicult (Ahas et al., 2008). The ultimate cost of the
technology will depend on the number of scanners (around € 200 per device) used, but will
generally be fairly low if expressed per tracked individual.
Secondly, Bluetooth tracking has a clear advantage over other technologies because of its
ubiquitous applicability in indoor as well as outdoor environments. Because of the freedom
with which Bluetooth scanners can be placed in indoor environments, it is possible to fol-
low individuals at room level inside buildings. Signal deterioration makes this practically
impossible with GPS, and very challenging with mobile positioning.
Finally, the limited detection range of Bluetooth sensors makes the resulting trajectories
more accurate than those in mobile positioning datasets. As mentioned above, the actual
range of our Bluetooth scanners varied from around 10 to 100 meters, depending on the
used sensor. Location estimations in mobile positioning data typically have an accuracy of
a few hundred metres in urban settings (Ahas et al., 2007), which is insucient for distin-
guishing between locations that are less than 100 meters apart (such as locations 8 and 9 in
the festivities zone).
2.6.3 Remaining issues and suggestions for future research
Although we have demonstrated that Bluetooth tracking is able to deliver valuable infor-
mation to stakeholders of mass events, there are some remaining issues that need to be
addressed. One of the prime issues is the possibility of biased results by over- sampling cer-
tain segments of the total population of individuals (Rice and Katz, 2003). Adolescents with
a higher education might indeed carry more Bluetooth-enabled devices than elderly people,
while young children will probably never be detected. The potential dierence in Bluetooth
usage among dierent audiences might signicantly inuence generated insights. Accord-
ingly, more research is needed into the use of discoverable Bluetooth-enabled devices by
dierent population segments in order for Bluetooth tracking to evolve into a technology
delivering accurate and reliable information to policy makers. The estimated detection ra-
tio of 11.0±1.8% is sucient for making rough extrapolations to the entire population of
visitors, but a more systematic way of calculating the percentage of the population being
tracked will be necessary for more reliable extrapolations in the future. Additionally, the
possible inuence of time and space on the detection ratio needs to be investigated.
Focussing on this case study, several analyses have exposed the existence of multiple
proles of visitors. More research is needed into which proles exist, and how they can be
39
Chapter 2
distinguished from each other. This could either be done with the current dataset containing
only locational information (e.g. the time that a visitor spends on a certain public square
might be used to dene dierent visitor proles), or with a new dataset enriched with socio-
economical information about the tracked individuals. In the latter case, we might statisti-
cally prove the likely assumption that there are two main visitor proles (adult visitors in
the afternoon and adolescents during the night) and study the inuence of socio-economical
attributes on movement behaviour.
Transportation mode detection was adequate for train and tram users, but the scope
should be extended to include other transportation modes as well (cars, pedestrians, cy-
clists). More research is needed into the inuence of the transportation mode on visitor
behaviour, such as the duration of a visit or the movement patterns between the public
squares.
The tentative ow analysis already suggested certain patterns, but further research should
be devoted to nding representative patterns in the order in which the dierent squares are
visited. Sequence alignment methods seem the most likely candidate for extracting these
patterns (Shoval and Isaacson, 2007a; Wilson, 1998) but they might need further modica-
tions to handle the spatiotemporal complexity of Bluetooth tracking data gathered at large
mass events such as the ‘Ghent Festivities’.
Because of the diculty of directly correlating the RSSI of a detection with the distance
between the sensor and the detected device, we have used the proximity principle to gen-
erate trajectories from the detection data. Fine multilateration of the signal strengths reg-
istered on dierent sensors to calculate an accurate location seems unrealistic, but a rough
multilateration might be possible under certain circumstances. In this way, a continuous
crowd density over a public square might be calculated while this is not possible using the
proximity principle.
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Abstract Accurate spatiotemporal information on crowds is a necessity for a better man-
agement in general and for the mitigation of potential security risks. The large numbers of
individuals involved and their mobility, however, make generation of this information non-
trivial. This chapter proposes a novel methodology to estimate and map crowd sizes using
mobile Bluetooth sensors and examines to what extent this methodology represents a valuable
alternative to existing methods. The proposed methodology is applied in a unique case study
that uses Bluetooth technology for the mobile mapping of spectators of the ‘Tour of Flanders
2011’ road cycling race. The locations of nearly 16,000 cell phones of spectators along the race
course were registered and detailed views of the spatiotemporal distribution of the crowd were
generated. Comparison with visual head counts from camera footage delivered a detection ratio
of 13.0±2.3%, making it possible to estimate the crowd size. To our knowledge, this is the rst
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study that uses mobile Bluetooth sensors to count and map a crowd over space and time.
3.1 Introduction
Throughout human history, people have had the tendency to sometimes gather in large
numbers — either in an organized or spontaneous way. The character of these gatherings or
the motivations of the people present may vary from purely recreational (festivals, parades,
sports), religious (pilgrimages) to political (demonstrations, inaugurations) as described by
Getz (2008). Regardless of the expected level of agitation, large crowds will always constitute
a potential security risk. Indeed, they will sometimes reach or even surpass the short-term
carrying capacity of the local environment or certain bottlenecks inside it. Often caused
by lacking planning and management, critical crowd densities can give rise to signicant
human casualties (Zhen et al., 2008). Besides these security issues, large events additionally
provide signicant economical opportunities (Kasimati, 2003; Prentice and Andersen, 2003).
Certain mega events such as the Olympics also have important social impacts for the hosts
(Waitt, 2003).
Whether for crowd management or economic incentives, one of the most important (and
certainly most tangible) indicators of a crowd is its size. When access to an event is re-
stricted (e.g. through tickets or turnstiles at access points), counting a crowd is trivial. For
open-access events, however, this is much more challenging. Additionally, crowd size esti-
mations often dier from reality due to subjectivity or contradicting motives of the dierent
stakeholders (Watson and Yip, 2011). Given that the success of an organized event (e.g., a
protest march) is often measured by its attendance, organizers may be tempted to exagger-
ate attendance gures in order to put more weight on public opinion. Perhaps one of the
most telling examples is that of the ‘Million Man March’ held in 1995 in Washington DC
where, depending on the source, crowd size estimations varied between 400,000 and 1.5—2
million.
Public safety cannot aord such margins of error and requires objective and accurate
information. While various methodologies (an overview is given in section 3.2 on the next
page) have been suggested to estimate the size of a crowd in an objective manner, they
often entail high levels of uncertainty and are impractical when applied in scenarios with
high levels of movement. The mapping of a crowd, for which information is needed on
the specic location or sequence of locations of individuals within the crowd, is even more
complex than just counting and requires more advanced methodologies.
In this chapter, we will present an alternative methodology for counting and mapping a
crowd based on the Bluetooth technology. The usefulness of our approach will be illustrated
in a case study where spectators of a road cycling race are mapped using Bluetooth sensors
installed on a mobile platform moving along the track, delivering detailed spatiotemporal
information on the crowd assembled for the sporting event. In section 3.2 on the facing
page, we discuss the current methodologies used to count and/or map crowds, their most
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important deciencies and how Bluetooth technology might oer a valuable alternative —
especially when individual mobility needs to be accounted for. Subsequently, we present
the Bluetooth tracking methodology and its specic deployment in section 3.3 on page 50.
In section 3.4 on page 51, we then give background information on the case study (‘Tour of
Flanders 2011’). The results of an experiment carried out prior to the cycling race, and the
main case study experiment itself are outlined in section 3.5 on page 53. Finally, we interpret
and discuss these results (section 3.6 on page 60) and give a short conclusion (section 3.7 on
page 62).
3.2 Counting and mapping a crowd
Dierent methodologies have been proposed to estimate crowd sizes. First, rough estima-
tions can be made by speculating on the basis of prior experience and knowledge of the
local terrain, or manually counting either static or mobile attendees at one or more xed
locations (Yip et al., 2010). Alternatively, secondary data sources such as the amount of
waste generated by a public and public transport usage to reach an event (Versichele et al.,
2012b) have also been used in the absence of readily available primary data. A third and
more sophisticated methodology — introduced in the sixties (Jacobs, 1967) and later mod-
ied in the seventies (Seidler et al., 1976) — is to carefully analyze aerial photographs of
a crowd and to outline zones of uniform crowd density. Using standard density rules that
are still used today (loose crowd: 1 person/m2, solid crowd: 2 persons/m2, very dense
crowd: 4 persons/m2) and the surface areas of the outlined zones, one can estimate the
total number of attendees. For the previously mentioned ‘Million Man March’1, this grid/
density methodology yielded an estimate of 870,000 people with a margin of error of about
25%. Several other studies have nally calculated crowd densities with the help of computer
vision techniques on very high resolution satellite images (Sirmacek and Reinartz, 2011) or
ground-based cameras (Kong and Gray, 2005; Rahmalan et al., 2006). Despite some promis-
ing results, these techniques remain conned to laboratory conditions (Dee and Velastin,
2007). Hence, there is a need for a more robust methodology.
Counting a crowd gets even more challenging, when the dynamics of the crowd are to
be accounted for. In the relevant literature, mobility is usually attributed to the crowd itself
(e.g. a march), giving rise to a distinction between static and mobile crowds, with dierent
counting methodologies for each of these categories (Watson and Yip, 2011). Mobility can,
however, also be part of a scenario with a (largely) static crowd when there is a mobile
‘attractor’ at play (e.g. a parade or a cycling race where spectators are lined up along a
linear trajectory). As such, both the mobility of the crowd and the attractor (if present)
should be taken into account. Table 3.1 on the following page summarizes how dierent




Table 3.1: Characterization of crowd scenarios according to the mobility of the attendees and the
presence/mobility of an attractor. The attractors for the specic examples are shown between brackets.
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The added diculty in estimating the size of a dynamic crowd has previously been stud-
ied. In a demonstration, for example, manual head counts at xed locations were found to
be labor-intensive, error prone and cannot account for people leaving a march in front of
or entering a march behind a counting location (Yip et al., 2010). Even if there are good
photographs of a mobile crowd available for a grid/density estimation, the area occupied by
a dynamic crowd is dicult to dene (Watson and Yip, 2011). All of the above-mentioned
methodologies have the additional drawback that they only generate a snapshot view of the
crowd size, ignoring its dynamic nature.
As it appears, said methodologies have signicant limitations in terms of counting crowds,
and are ill-suited to map crowds onto space and/or time due to their single snapshot view.
Recent technologies able to register individual movements have the capacity to ll this
methodological gap. Several of these tracking technologies in dierent developmental stages
have been used to date. Although computer vision techniques have already been able to re-
construct individual trajectories inside a crowd (Marrón-Romera et al., 2010; Rabaud and
Belongie, 2006), correctly applying these techniques in real-life and large-scale scenarios
is still beyond the current state of the art due to several reasons including the necessity
of a multitude of camera views, occlusions, variable weather conditions, etc. (Dee and Ve-
lastin, 2007). Other methodologies take advantage of the growing adoption of positioning
technologies on modern smartphones, with the most prominent example being the global
positioning system (GPS). While this technology is able to deliver ne-grained movement
data of individuals, the need for active cooperation of the traced individual — either by in-
stalling an application on the smartphone or by distributing logging devices (Van der Spek
et al., 2009) — makes it labor-intensive and less feasible when a representative sample of a
large crowd is to be studied. The movement of a mobile device can also be reconstructed
by using log les of mobile operators containing information about which cell-towers the
device connected to during its lifetime or when calls were made (Ahas et al., 2008; González
et al., 2008). The locational precision of this last methodology (in the order of at least 100
meters even in urban settings) is, however, too large for handling the smaller-scale dynamics
of crowds (Ahas et al., 2007).
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More recently, Bluetooth has been suggested as an interesting alternative tracking tech-
nology. Since the Bluetooth protocol allows for wireless discovery and identication of
nearby devices, static Bluetooth sensors placed at strategic locations can give insights into
human mobility in a variety of contexts: dynamics at mass events (Stange et al., 2011; Ver-
sichele et al., 2012a), urban design (O’Neill et al., 2006), social studies (Kostakos and O’Neill,
2008), travel time estimation of motorized trac (Haghani et al., 2009), etc. Initially envi-
sioned as a low-power and open protocol for implementing Wireless Personal Area Net-
works by Siemens in 1994, Bluetooth has since become an almost ubiquitous technology on
modern mobile devices. Prior to the ability for two devices to connect wirelessly through
Bluetooth, one device needs to be discovered by the other. This part of the Bluetooth proto-
col is called the ‘inquiry phase’ (Peterson et al., 2006). The master device transmits inquiry
packets, to which discoverable devices within its vicinity respond with inquiry response
packets. These include the MAC address (which is a 48-bit identier of the mobile de-
vice), and the class of device (COD) code (which gives a general idea about the type of
device and some of its functionalities). By mapping detected MAC addresses to a specic
timestamp and location where a sensor that made the discovery was located, one can re-
construct proximity-based trajectories (Bensky, 2007). Since an actual connection is not
required, tracked individuals are not aware of the presence of Bluetooth sensors and the
methodology is in essence completely unobtrusive. Since Bluetooth 1.2, it is also possible to
register the received signal strength indicator (RSSI) of the inquiry response packets, which
is loosely correlated with the distance between the sensor and the detected device (Hossain
and Soh, 2007).
In this chapter, we propose a novel use-case for the Bluetooth tracking methodology: the
mapping of spectators along the track of a road cycling race. We build on the concept of
‘mobile mapping’, where a combination of a moving platform, navigation sensors and map-
ping sensors is used for the geo-referenced mapping of information across a study area (Li,
1997). Instead of the more traditional imaging sensors, however, we use Bluetooth sensors
to detect the proximity of people carrying Bluetooth-enabled mobile phones. The method-
ology bears resemblance to the popular act of ‘war driving’ where the locations of WiFi
Access Points are mapped by a car driving around a study area (Berghel, 2004). The idea of
using mobile Bluetooth sensors is not novel as such. Particularly social studies have already
embraced the concept of mobile phones as wearable (Bluetooth) sensors for investigating
complex social systems (Eagle and Pentland, 2005) or ‘familiar strangers’ as individuals we
repeatedly observe yet do not directly interact with (Paulos and Goodman, 2004) . Other
studies have already hinted at the possible use for discovering pedestrian travel behavior
as well (Malinovskiy et al., 2012). To our knowledge, however, the concept of using a mo-
bile (Bluetooth) sensor to map a crowd along a trajectory followed by a mobile attractor is
without a precedent in scientic literature.
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3.3 Methodology and deployment
In order to map spectators, we used a mobile platform equipped with two Bluetooth sensors
that moved along the track registering Bluetooth devices belonging to spectators as it passed
them by. Figure 3.1 on the next page shows a conceptual representation of the methodology
at the top and the used equipment at the bottom. The numbers in the gure correspond to
the numbers between brackets in this paragraph. The mobile platform carrying the equip-
ment was a car (Kia Sportage) that belonged to the convoy preceding the racers (on average
the racers lagged the platform for between 3 and 6 minutes). The Bluetooth sensors (SENA
Parani UD-100) were attached to the side windows in the back of the car (1). These class 1
Bluetooth devices (i.e. the most powerful class with a theoretical communication range of
100 meters) were tted with an external stub antenna with a gain of 1 dBi. Previous ex-
periments had shown that this combination of sensor and antenna is capable of discovering
mobile phones at distances of 100 meters in a static context. The Bluetooth sensors per-
formed new inquiry scans every 10.24 seconds. Both sensors were connected to a portable
computer (Dell Vostro 3500, Debian Testing OS, kernel 2.6.38-2) running Bluetooth scanning
software called Gyrid2 (version 0.4.5). This self-implemented framework, built around the
PyBlueZ (0.18-1) and BlueZ (version 4.89-1) frameworks, was also used in previous studies
of our research group. Additionally, a video camera (Panasonic HDC-SD10) was installed
looking through the front window (2). This way, we could later compare Bluetooth counts
with visual counts. Because the recorded video in raw format was too large to t onto one
memory card, two memory cards were regularly swapped and their content copied. Finally,
a GPS unit (Garmin GPS60) was used to continuously record the position of the mobile
platform (3). A logger on the portable computer registered these locations on the y.
Every time a Bluetooth device was detected, its MAC address, COD code, the RSSI of the
detection and the timestamp of the detection were registered. Because of the GPS record-
ings, every detection at a certain timestamp could later be mapped onto a location along
the track followed by the car. Because both the GPS unit as well as the Bluetooth sensors
were connected to the same computer, their outputs were automatically synchronized in
time. The computer itself was connected to the Internet through a 3G connection and was
synchronized with the Network Time Protocol. Synchronization between video data and
Bluetooth data was done by manual landmark discovery in the camera footage and linking
this to their known position and the time they were passed according to the GPS data. As
is indicated in gure 3.1 on the facing page by some of the spectators being mapped onto
several nearby positions along the track, some devices are detected more than once during
a passing event. Terminologically speaking, these devices are associated with several de-
tections. This important distinction leads to the concept of a set of (unique) devices and an
associated larger set of (non-unique) detections. Additionally, it is known that a minority of
spectators will watch the group of cyclists at more than one location along the track. This
2https://github.com/Roel/Gyrid
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is depicted by the arrow in the gure. Finally, only a subset of the spectators owns a mobile
device with a visible Bluetooth interface and the rest of the crowd is hence not detected
(indicated by the transparent icons).
Figure 3.1: Mobile sensor deployment during the race. Top: schematic overview of the methodology,
bottom: actual deployment (1: Bluetooth sensor, 2: video camera, 3: GPS unit).
3.4 Case study: ‘Tour of Flanders 2011’
The ‘Tour of Flanders’ (in Dutch: ‘Ronde van Vlaanderen’) is a one day road cycling race
held yearly in Flanders, Belgium. Due to the popularity of cycling in Belgium and the long
history and tradition of the race (the rst edition dates back to 1913), the event has become
the largest sporting event in Flanders and, as such, has become more or less part of the local
cultural heritage. Due to the open nature of the event (the race track only traverses public
space) little is known about the spatiotemporal characteristics of spectators. Correspond-
ingly, the race was chosen as a tting case study for the application of Bluetooth tracking
in a mobile mapping context.
An overview of the trajectory followed by the mobile platform — including its speed — is
given in gure 3.2 on the next page. The 2011 edition started in Bruges at 9:45 am and ended
in Meerbeke (winner: 16:00 am, last rider: 16:18 am), taking the cyclists over 256.3 kilometers
and 18 slopes. For safety reasons, some sections of the race could not be accessed by four-
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wheeled vehicles. Therefore, the trajectory of the mobile platform carrying the Bluetooth
sensors in some places deviates from the ocial track. This was the case around four slopes
(8, 9, 13 and 17). As a consequence, the crowds gathered at these locations were not covered
by the platform. There were two points along the track where racers were provided food
and drinks.
Figure 3.2: ‘Tour of Flanders’, 2011 edition. Top: spatial view of the ocial track and the trajectory of
the mobile platform. Bottom: elevation prole of the mobile platform trajectory (NASA Shuttle Radar
Topography Mission elevation data). In both cases, the speed of the mobile platform is shown in a
color scale ranging from red (temporary stops) to blue (more than 80 km/h). The 18 ocial slopes
are shown as triangles in the spatial view and solid vertical lines in the elevation prole (not covered
slopes excluded). The dashed vertical lines represent the cobblestoned segments, the dotted vertical
line the rst provision point, and the dashed-dotted line the village of the tour.
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3.5 Results
3.5.1 Prior experiments with mobile platform
Prior to deploying the mobile platform, the Bluetooth detection process and its sensitivity
towards several factors in a mobile context needed to be investigated. Five factors were
studied: (1) the type of Bluetooth sensor, (2) its position on the mobile platform, (3) the dis-
tance between the detectable mobile phone and the road covered by the mobile platform,
and (4) the speed of the mobile platform. A small-scale experiment was conducted under
controlled conditions by placing two discoverable Bluetooth-enabled phones (representing
two spectators) next to a road section at dierent distances (resp. 1 and 3 meters perpen-
dicular distance, at 1 meter above ground), controlling the dierent factors and calculating
the number of detections of each phone during a passing event of the mobile platform. For
every combination of factors, four passage runs were made. The main goal of this exper-
iment was to check the feasibility of the proposed methodology before deploying it on a
larger scale. A view of the experimental setup is given in gure 3.3a on the following page.
The inuence of the sensor type, the mobile platform speed and the distance between the
road and the mobile phone can be seen in gure 3.3b on the next page. The dierence in
performance between the class 2 and class 1 sensor is evident. Where the class 2 sensor
already missed the closest phone once at 40 km/h (the furthest phone was even missed on
every run at 80 km/h), the class 1 sensor did not miss any phone on any run. The mobile
platform speed inuences the number of detections in a negative way. More importantly,
though, it does not seem to form a bottleneck when using a class 1 sensor (at least for speeds
not surpassing 80 km/h). The dierence between both phones is manifest in the case of the
class 1 sensor: a larger distance lowers the number of detections. With a class 2 sensor, the
dierence is nearly negligible.
Next, the position of the sensor on the mobile platform needed to be investigated. Since
it was not possible to mount an antenna on the rooftop of the car, it had to be placed inside
of the car. Prior experiments had shown the rear side window being the best location in
contrast to the ceiling or the front windshield (not shown). It was not known, however, what
the eect was of the sensor either facing or not facing the side of the road with detectable
phones. This was tested by performing passage runs at a speed of 60 km/h under both
scenarios (gure 3.3c on the following page). Contrary to what could be expected, both
phones were detected more often when the sensor was not facing them (scenario 2) although
the dierence is clearly not statistically signicant. The dierence between both phones is
more pronounced, showing that the eect of the distance is larger than that of the sensor
placement in the car. In order to minimize the probability of missing detectable phones,
the mobile platform was equipped with a class 1 sensor on each side during the actual case
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Figure 3.3: Mobile Bluetooth detection process investigation: (a) experimental setup showing both
mobile phones (A, B) and the two passing scenarios (1: sensor facing phones, 2: sensor not facing
phones); (b) eect of sensor type, speed, and phone distance (both the mean and standard deviations,
as well as the individual values of all combinations are shown; both error bars and individual data
points are oset from their real x-value for visual clarity); (c) eect of sensor placement on mobile
platform at a speed of 60 km/h.
3.5.2 Case study
3.5.2.1 Preprocessing and mapping of detections along trajectory
During the course of the race, two types of log les were generated. First, each Bluetooth
sensor generated a Bluetooth log le containing one log line per detection in the following
format: timestamp, MAC address, COD code, RSSI (e.g. ‘20110403-101520, 00:12:34:56:78:9A,
5898756, -72’). Second, the sequential GPS xes were gathered on the portable computer
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and written to a separate log le. In order to geo-localize the Bluetooth detections, both
data sources needed to be combined. First of all, the Bluetooth detections picked up before
the GPS unit started recording were deleted. Subsequently, the data were imported in the
R suite (version 2.14.0) and transformed to two data frames (one for the Bluetooth data of
both sensors merged together and another for the GPS data). Table 3.2 lists some of the
main properties of both data frames. Given that the GPS unit had a sampling rate of 1
second and the Bluetooth detections had a temporal precision of 1 second as well, both
data frames could be merged into one data frame based on their respective timestamps. As
such, each Bluetooth detection was given a location (both an xy-location and a distance
along the trajectory followed by the mobile platform). Finally, we examined the device
classes detected by the sensors and found that roughly three out of four detections were
from phones, and one out of four were audio/video devices. Other types (including devices
which did not give COD information) were very sparse. Only phones can be more or less
directly linked to a physical person. So in order to map only spectators, we ltered out the
15,597 phones (which amounted to 130,464 detections in the dataset). The set of audio/video
devices consisted almost entirely of handsfree devices such as car kits and represent vehicles
rather than persons. They were excluded from the rest of the analyses together with the
other less frequent device classes.















memory cards) ± 30 min
Filtering
Device class # detections # detected devices
Phone 130,464 (73.7%) 15,597 (96.4%)
Audio/Video 45,073 (25.5%) 302 (1.9%)
Unknown 787 (0.4%) 124 (0.9%)
Computer 598 (0.3%) 136 (0.8%)
Network access point 122 (0.1%) 16 (0.1%)
Imaging 35 (0.0%) 7 (0.0%)
3.5.2.2 Crowdedness along trajectory
In order to map spectators along the trajectory, we divided the trajectory into 1 kilometer
long segments. For each segment, we aggregated the Bluetooth detections that occurred
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in the same time span and calculated the number of unique MAC addresses. This way we
could map the number of detectable spectators along the course of the trajectory as an in-
dicator of local crowdedness. The result is shown in gure 3.4 on the facing page. The
two-dimensional spatial view and one-dimensional cross section show alternating zones
of higher and lower numbers of spectators. Most of the densely crowded segments co-
incide with the slopes along the track. Slope 7 (‘Oude Kwaremont’) clearly attracted the
largest number of detectable spectators (582 phones over 1 kilometer). The other crowded
segments are either associated with cobblestoned segments, or villages or cities (visible as
concentrations with high population densities) that are located on the track.
3.5.2.3 From Bluetooth devices to crowd size
In the previous section, we have identied crowded zones according to the number of phones
detected over a certain distance. As stated in the introduction, however, we intend to make
reasonable estimations of the size of an entire crowd. As a consequence, we have to trans-
form the number of detected devices into an approximate number of spectators. In order to
do this, we need to know how large the share of detectable persons in a crowd is. We call this
the ‘detection ratio’, and calculate it by counting the number of (unique) detected devices
and visual head counts during a certain time period, and dividing the former by the latter.
In case of static Bluetooth sensors, a person usually sits in the close vicinity of a sensor and
counts the number of people passing by. Using this methodology, a previous study with a
dataset gathered in 2010 delivered a detection ratio of 11.0±1.8% (Versichele et al., 2012a).
Visually counting people on the side of a road from a mobile platform is less trivial than
counting moving people from a static position. Nevertheless, the video footage recorded
from the mobile platform could be used to count spectators visible from the platform as it
passed by. In total, 14 calculations were made along the trajectory covering 52.2 kilometers
in total (20% of the total trajectory length). These are shown in table 3.3 on page 58. If all
measurements are taken into account, the average detection ratio lies at 14.3±3.9%. The
resulting relative standard error RSE, which represents the relative error the crowd size
estimation will have, is 27.3%. If the two measurements with abnormally high detection
ratios (measurements 6 and 9 both lie above Q3 (the third quartile) + IQR (interquartile
range)) are regarded as outliers and excluded, we end up with an average detection ratio
of 13.0±2.3% (RSE of 17.9%). Further clarication as to why these two values can be con-
sidered outliers is given in the discussion. The table also includes the detection ratio of a
previous experiment with static Bluetooth sensors (Versichele et al. (2012a),RSE of 16.4%).
Using these detection ratios, the extrapolated total crowd size at the segment with the largest
number of detected phones along the trajectory lies at 4,070 ([3,198–5,596], with outliers) or
4,477 ([3,804–5,439], without outliers). We can use these gures to roughly get an idea about
the spectator density along the road. Taking into account the length of this segment (1,000
meters) and the fact that spectators can line up on both sides of the road, we end up with
roughly 2 spectators per meter of roadside. Analogously, the estimate of the total crowd size
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Figure 3.4: Number of detected phones along 1 kilometer long segments of the trajectory followed
by the mobile platform as an indicator of crowdedness. Top: spatial view using a yellow-to-red color
scale to depict the number of phones, class breaks according to the Jenks natural breaks (Jenks and
Caspall, 1971) optimization. The background shows the population density of statistical sectors in the
area, colored in a grey-scale, once again according to Jenks natural breaks. Bottom: one-dimensional
view.
that was covered by the mobile platform during the entire duration of the measurements lies
at 109,070 ([85,720–149,957], with outliers) or 119,977 ([101,549–145,937], without outliers).
This represents roughly one spectator every 2 meters.
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Table 3.3: Detection ratios along the trajectory, calculated by comparing the numbers of detected
Bluetooth phones with visual spectator counts from video recordings. The two rows in italics repre-
sent abnormally high detection ratios and can be regarded as outliers. The bottom part of the table
shows the average detection ratios, standard deviations and relative standard errors with and without
pruning of the outliers.
Number Duration Distance Visual count Detected phones Detection ratio
(s) (m) (-) (-) (%)
1 447 3,730 1,984 253 12.75
2 527 4,246 1,350 153 11.33
3 1,035 11,694 4,567 580 12.70
4 286 4,909 1,919 313 16.31
5 144 3,148 1,013 116 11.45
6 143 1,729 1,034 220 21.28
7 358 4,479 1,502 154 10.25
8 439 5,925 4,183 515 12.31
9 275 2,777 1,207 273 22.62
10 261 2,547 1,320 175 13.26
11 143 1,755 1,758 209 11.89
12 156 1,691 970 141 14.54
13 152 2,442 808 90 11.14
14 123 1,155 496 91 18.35
Average St. dev. Rel. st. error RSE
(%) (%) (%)
14.3 3.9 27.3 all measurements
13.0 2.3 17.9 measurements 6 and 9 pruned
11.0 1.8 16.4 Versichele et al. (2012a)
3.5.2.4 Mobile platform speed inuence under real-life conditions
Since the Bluetooth sensors were placed on a mobile platform, we need to investigate wheth-
er the speed with which the platform moves along the trajectory has any inuence on the
spectator detection process. Preliminary experiments prior to the actual case study already
demonstrated that the inuence of the speed is negligible under idealized circumstances
(section 3.5.1 on page 53). The dataset from the cycling race should, however, be explored
as well in order to conrm or deny this nding. Four characteristics were calculated for each
1 kilometer long segment of the trajectory (as depicted in gure 3.4 on the previous page),
and correlated with the mean speed attained over each segment. The resulting scatter plots
are shown in gure 3.5 on the facing page.
First, the number of detected phones over a segment is compared to the mean speed of
the platform over that segment (gure 3.5a on the next page). The goal of this visualization
is not to test for a direct link between both values (this assumption is not realistic anyway),
but to focus on the segments at the low and high extremes of the speed spectrum. The
segments with mean speeds over 80 km/h are still linked to between 10 and 20 detected
phones, while the slowest segments are not associated with extremely high numbers of
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(d) speed ∼ rssi
Figure 3.5: Real-life inuence of mobile platform speed on four trajectory segment characteristics:
(a) number of detected phones (log scale), (b) number of detections/number of detected phones (log
scale), (c) sensor overlap, (d) mean RSSI.
detected phones. Consequently, we did not nd an indication that very low or very high
speeds bias the detection process in a signicant way. Subsequently, the ratio between the
number of detections and the number of detected phones is compared to the mean speed
of each segment (gure 3.5b). Generally speaking, a higher ratio corresponds to phones
being detected more times during a passing event (a higher sampling frequency) leading to
a smaller likelihood of it being missed by the Bluetooth sensor passing it by. The very slow
segments seem to correspond to slightly higher ratios, but the very fast segments have ratios
that lie within the range of ratios for average speeds. This constitutes an extra indication that
high speeds do not hinder the detection process in a signicant way. The overlap between
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both sensors on the mobile platform (dened as the ratio of the size of the intersection of
the sets of detected phones by each sensor to the size of the union of both device sets) seems
to roughly lie between 20% and 80% (gure 3.5c on the previous page). Neither the slowest
nor the fastest segments exhibit overlaps that deviate consistently with the general average.
Finally, the mean of all RSSI values gathered in each segment is also plotted against the
mean speed (gure 3.5d on the preceding page). Again, there is no indication of the signal
strength of detections being inuenced by the speed of the platform carrying the sensors.
3.6 Discussion
A crowd of spectators watching a road cycling race was mapped by a mobile platform
equipped with two Bluetooth sensors. The locations of nearly 16,000 detected phones car-
ried by the spectators were used as an indicator of the crowdedness levels along the race tra-
jectory. Figure 3.4 on page 57 shows that the methodology was able to distinguish crowded
zones from zones with sparse numbers of spectators. Nearly all hotspots corresponded to
either slopes, cobblestoned segments or — in a lesser degree — urbanized areas. After careful
examination of this map, the research team present during the race and the race organizers
agreed that the results were consistent with their own experience.
Clearly, this reliability analysis cannot be constricted to personal (and possibly subjective)
experience. Consequently, the camera footage from aboard the mobile platform was used
as an additional (non-quantitative) ground truth data source. As an additional advantage of
this data source, segments of the trajectory can be subjected to visual head counts forming
smaller but quantitative data sources. By comparing these visual head counts with the num-
ber of detected phones, a detection ratio was calculated along 14 of these segments. This
resulted in an average detection ratio of 14.3±3.9% (RSE of 27.3%). Most of the segments
exhibited a detection ratio slightly higher than the reference detection ratio from a previ-
ous study performed in a static context (±11%), while two segments showed unusually high
detection ratios above 20%. There are two possible explanations for this. First, it is possible
that some phones located along neighboring segments are included in the detection ratio
calculation while the visual head counts are restricted more strictly to the 1 kilometer long
segment. This may lead to a higher enumerator and thus a higher detection ratio. Since
we anticipated this eect when selecting the segments for visual head counts, the selected
segments did not exhibit large crowds at their borders and therefore the eect should not
be signicant. A second and probably more signicant eect is due to invisible spectators.
Spectators who are missed for the visual head counts (e.g. in buildings) can also lead to an
overestimation of detection ratios. This eect is much harder to control with an appropriate
choice of segments because visual conrmation with the camera footage is impossible. The
very high detection ratios are almost certainly caused by this eect. Correspondingly, an
average detection ratio of 13.0±2.3% (RSE of 17.9%) is attained after pruning of the two
most extreme outliers.
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As already pointed out in the previous paragraph, we should consider the fact that a
1,000 meter long segment may actually cover a larger detection area. In the worst case
this could measure up to 1,200 meters if the Bluetooth sensors would have a 100 meter
detection range in a mobile context as well. The overlap between each pair of consecu-
tive segments (dened as the ratio of their intersection and union) was extracted from the
dataset. More than 90% of the pairs have overlaps smaller than the worst-case overlap of 10%
(100m+ 100m/1000m+ 1000m). While the overlap between segments should not be completely
disregarded, the eect will be of minor importance on larger scales.
An additional concern aecting the reliability is the selectivity of the detection process to-
wards spectators of the race instead of the more general public (the entire race takes place on
the public domain). In the worst case, the mobile platform could be mapping the population
density because of a disproportionally large detection range. As a rst way of evaluating to
what extent this is the case, we included the population density as a background layer in
gure 3.4 on page 57. While the generally higher numbers of detected devices in the south-
western part of the map view could be linked to the locally higher population densities,
most of the crowded zones further along are situated in locations with very low statistical
population densities. Figure 3.6 shows a scatter plot of population density, calculated for
each segment by a spatial join operation in ArcGIS returning the mean if a segment crossed
more than one population density area, versus the number of detected phones along each
1 kilometer long trajectory segment. There is no clear correlation between both variables,
which is another indication that there is a high selectivity towards spectators of the race. In
the end, however, the correct counting of a crowd also raises an ontological issue linked to a
specic scenario: how do you dene a spectator of the race (e.g. solely by his/her proximity
to the race track or also by additional constraints?).
Figure 3.6: Scatter plot of statistical population density versus number of detected phones over each
1 kilometer long segment of the trajectory.
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It is worthwhile comparing the Bluetooth tracking methodology with other and more of-
ten applied methodologies. Relevant literature (Watson and Yip, 2011) cites a relative stan-
dard error of the order of 10% for the grid/density method, seemingly making our methodol-
ogy with aRSE of 17.9% less accurate. It should be stated, however, that it is rst not always
clear which ground-truth literature citations are based on. Additionally, the real merit of
the proposed methodology is not just the counting of a crowd as such, but also its ability to
easily map its behavior over time and space. As demonstrated in this study, Bluetooth track-
ing is able to generate insightful information (maps) of a crowd, its (varying) location, and
size. With slight modications, the same methodology could be used for crowds dispersed
over more complex study areas. A mobile platform (or more than one) could also re-visit
the same locations regularly for temporal pattern detection, or they could be combined with
static sensors.
While the results were satisfactory in the context of this case study, other studies might
necessitate more accurate counts and/or localizations of detections. Further calibration of
the sensors will be necessary to accomplish this goal. The rather low overlap between both
sensors on the platform, as seen in gure 3.5 on page 59, seems to indicate that a higher
number of sensors/platforms might also play a benecial role. Additionally, smaller scale
investigations (in contrast with the larger-scale approach adopted in this case study) will
need more certainty on the locational accuracy of the detections along the road section.
The potential overlap between the detection areas of subsequent segments should also be
further examined.
3.7 Conclusions and outlook
In this chapter, we demonstrated the added value of Bluetooth technology in the mobile
mapping of individuals. The spectators of the ‘Tour of Flanders 2011’ were mapped along
the trajectory followed by a mobile platform equipped with Bluetooth sensors. Nearly 16,000
devices were detected along 256 kilometers. Dividing the trajectory into 1 kilometer long
segments, we were able to identify crowded hotspots in a detailed manner. These were
mostly situated along slopes and cobblestoned segments, as anticipated by both the research
group and the race organizers. Comparing the Bluetooth detection data with video record-
ings from the platform, an average detection ratio of 13.0±2.3% was calculated. The relative
standard error of 17.9% is slightly higher than that of some alternative methodologies, but
still acceptable for most purposes.
Our results showed that the main benet of the proposed methodology is its ability to gen-
erate highly detailed spatiotemporal information on crowds with relative ease and without
the need for expensive equipment or cooperation of the crowd. Despite these promising rst
results, some aspects were identied that need further investigation. A rather low overlap
between the devices detected by both sensors on the mobile platform points out that a bet-
ter calibration is necessary to further enhance the reliability of the detection process and its
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Abstract Certain datasets on moving objects are episodic in nature — that is, the data is
characterized by time gaps during which the position of the object is unknown. In this chapter,
a model is developed to study the sparsely sampled network-constrained movement of several
objects by calculating both potential and feasible (i.e. more likely) co-presence opportunities
over time. The approach is applied to the context of a static sensor network, where the location
of an object is only registered when passing a sensor location along a road network. Feasibility
is incorporated based on the deviation from the shortest path. As an illustration, the model
is applied to a large Bluetooth tracking dataset gathered at a mass event. The model output
consists of maps showing the temporal evolution of the distribution of feasible co-presence op-
portunities of tracked visitors over the network (i.e. the number of visitors that could have been
present together). We demonstrate the model’s usefulness in studying the movement and distri-
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bution of a crowd over a study area with relatively few sampling locations. Finally, we discuss
the results with a special emphasis on the distinction between feasible and actual presence, the
need for further validation and calibration, and the performance of the implementation.
4.1 Introduction
Human or animal movement has traditionally been cumbersome to measure and register
in an accurate way. Labor-intensive methodologies such as shadowing (Millonig and Gart-
ner, 2008) and the distribution and recollection of travel diaries (Axhausen et al., 2002) are
nowadays increasingly replaced by or complemented with positioning technologies. Rapid
advances in these technologies — with GPS (global positioning system) as the prime exam-
ple — and their increasing adoption in mobile phones, have revolutionized the eld causing
a new ood of movement data and application possibilities (Miller, 2010). All positioning
technologies work along the same principle, where the location of a moving object is reg-
istered at sequential and discrete time steps. The resulting temporal granularity can vary
widely, though, from nearly continuous measurements where the location of an object is
known at any given time to scenarios where there are long time gaps in between consec-
utive location measurements. Besides technical deciencies, this typically occurs when a
moving object is only sensed at locations where a proximity sensor is present (Versichele
et al., 2012a), when a certain activity such as making a phone call (Ahas et al., 2008; González
et al., 2008) or using public transport (Pelletier et al., 2011) takes place, or when energy con-
sumption limits the temporal granularity of location measurements (Rutz and Hays, 2009).
Many existing methods for movement analysis are not designed for dealing well with these
temporally sparse data types, hereafter referred to as ‘episodic’ movement data (Andrienko
et al., 2012).
Although the location of an object cannot be precisely known during a time gap without
measurements, it will frequently be modeled by means of interpolation. The simplest ap-
proach is a linear (Erwig et al., 1999) interpolation, but polynomials or splines can also be
used (Bartels et al., 1987). The range of movement between two known position measure-
ments can also be more realistically modeled as an area instead of a simple line. Stochastic
models such as Brownian bridge movement models (Horne et al., 2007) have received par-
ticular attention in animal movement research, but their general use remains limited to
date. Alternatively, Hägerstrand’s time-geographic framework (1970) represents a versatile
and well-studied approach for analytically modeling spatiotemporal movement capabilities
under certain constraints (Hornsby and Egenhofer, 2002; Kuijpers et al., 2010; Pfoser and
Jensen, 1999). Especially the space-time prism construct, modeling all locations that can be
reached between two known locations and times, has proven valuable (Miller, 2005a). Given
that episodic movement data can be interpreted as sequences of known locations and times,
time-geographic concepts seem directly applicable to the problem of modeling an object’s
potential location during a period of time where its location is unknown.
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In this chapter, we focus on the network-constrained movement of objects whose location
is measured only when passing a proximity-based sensor. Because of nancial constraints,
the number of deployed sensors will often be relatively small compared to the study area and
the actual co-presence of moving objects at these locations will be limited in time. In order
to cope with this sparse sampling of locations, a model is developed to calculate feasible co-
presence opportunities of the moving objects in between the sensor locations. Feasible co-
presence opportunities are dened here as a heuristic subset of more realistic potential co-
presence opportunities, the latter being solely governed by the spatiotemporal constraints
of proximity detections according to the time-geographic framework. More specically,
the model will be used to calculate the number of objects that could have been ‘feasibly’
present during a certain time window at intermediary locations based on the actual presence
(detection) of moving objects at sensor locations as input. In what follows, we will focus
on the aspects of time-geographic research which are most relevant to the development of
such a model.
As a constriction of movement possibilities leads to more realistic analytical results, sig-
nicant attention has already been devoted to dropping the unrealistic assumption of isotro-
pic speed in unconstrained space in the traditional time-geographic framework. This was
either done by constraining space-time paths and space-time prisms to networks where
each edge can be assigned a static/dynamic maximum speed (Kuijpers and Othman, 2009;
Miller, 1999; Neutens et al., 2008b), or by working with isotropic speed in a constrained en-
vironment (Delafontaine, 2011). Alternatively, eld-based representations have also been
used (Miller and Bridwell, 2009). The focus on the co-presence of groups of moving objects
in our model can also draw from a recent strain of time-geographic research which deals
with groups of individuals, the spatiotemporal interaction possibilities between them, and
group decision-making processes. This has led to theoretical contributions on the subject
(Espeter and Raubal, 2009; Kuijpers et al., 2011; Miller, 2005b; Neutens et al., 2008a, 2007), the
development of toolkits for the calculation and visualization of the time-geographic inter-
action potential of small groups of people (Fang et al., 2011; Kang and Scott, 2007; Neutens
et al., 2010) or shared-ride trip planning (Raubal et al., 2007), and the application of space-
time prism intersection algorithms using empirical commuting ow data (Farber et al., 2013;
Neutens et al., 2013).
We want to make a clear distinction between potential and feasible co-presence in our
model, where feasible co-presence opportunities represent a subset of more likely/realistic
co-presence opportunities based on the feasibility that a location can be reached by each
moving object separately. This feasibility will be based on a heuristic measure, as will be
discussed in section section 4.2.2 on page 72. This aspect of the model can, again, be linked to
a recent trend in time-geographic research where there has been a growing eort in trying
to incorporate the probability of reachability within the interior of a space-time prism. Ap-
proaches translating reachability from a binary nature (dened by the border of the space-
time prism) to a probabilistic one have only started to surface recently due to its complexity
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(Huisman and Forer, 2005). The distribution of visit probability within the prism is either
derived by applying random walk models (Winter and Yin, 2010, 2011), or by adapting tradi-
tional kernel density estimation techniques to a time-geographic density estimation method
(TGDE) where points are no longer assumed independent from each other — either in un-
constrained space (Downs et al., 2011) or in a network-constrained environment (Downs
and Horner, 2012; Horner et al., 2012).
Although the developed model will be able to handle any type of episodic movement
data, it will be applied to a Bluetooth tracking dataset as this methodology seems to gather
momentum in the relevant literature. The movements of Bluetooth-enabled mobile devices
have already been registered and subsequently analyzed for various purposes ranging from
mass event crowd management (Stange et al., 2011; Versichele et al., 2012a), travel time
measurement of motorized trac (Haghani et al., 2009), mobile mapping of sporting event
crowds (Versichele et al., 2012b) and social studies (Eagle and Pentland, 2005).
In the next section, the model for deriving feasible co-presence opportunities will be dis-
cussed in more detail. In short, the method consists of (1) constructing discrete node-based
space-time prisms for all time gaps during which the location of a moving object is un-
known; (2) reducing the extent of these time prisms by pruning locations which are deemed
unfeasible to reach given the spatiotemporal constraints; and (3) calculating the intersec-
tions of all feasible time prisms during a certain time window. The output of the model
consists of a series of maps showing the evolution of the number of moving objects that
could have been feasibly co-present over each edge of the network. The model is then ap-
plied to a large Bluetooth tracking dataset containing thousands of individual trajectories,
and will generate insights into the spatiotemporal evolution of the distribution of the crowd
over the entire network despite a limited number of sampling locations.
The remainder of this chapter rst formalizes the research problem, and presents the
proposed model and its implementation (section 4.2). Section 4.3 on page 75 describes the
results from the case study. Subsequently, we further interpret the results and present the
performance of the implementation in section 4.4 on page 79. In section 4.5 on page 83,
nally, we give some conclusions and suggestions for further research.
4.2 Model formalization and implementation
In this section, we will rst formalize the problem and subsequently describe its implemen-
tation.
4.2.1 Potential co-presence opportunities
Let a network be represented by a graph G = (N,E) consisting of a set of nodes N = {n}
and a set of interconnecting edges E = {e}, O = {o} be a population of moving objects,
S = {s} be a set of sensors with the ability to locate the proximity of moving objects on the
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network, and the tuple ls = (e, ) refer to the location of a sensor on an edge e of the network
where  = [0, 1] represents the relative location on the edge going from the starting node (0)
to the ending node (1). A trajectory of a moving object o can now be described as an ordered
sequence of detections: To = {d1, d2, · · · , dn} where each detection is characterized by a
sensor location on the network and a starting and ending time: di = (o, li, tstart,i, tend,i)
with li ∈ {ls}. Alternatively, a trajectory can also be characterized by an ordered sequence
of moves in between subsequent detections: To = {m1,m2, · · · ,mn−1} where a move in
between two detections di and di+1 is denoted as: mi = (o, li, li+1, tend,i, tstart,i+1).
Formulating it with regard to a discrete network-constrained environment, a space-time
prism Πm = {pin,o} associated with a certain move m consists of a set of time inter-
vals or ‘potential presence intervals’ pin,o, each describing the potential duration of pres-
ence of a moving object o at a node n of the network during that move. The bound-
aries of this time interval are governed by both the temporal constraints of the detec-
tions delineating the move, as well as the maximum travel speed ve over each edge e:
pin,o =
[
tend,i + τli,n, tstart,i+1 − τn,li+1
]
with τli,n refering to the shortest travel time
from the location of the i-th detection to node n and τn,li+1 refering to the shortest travel
time from node n to the location of the next detection i + 1. At each node, the time bud-
get in between two detections b is thus distributed over travel time and presence time:
b = tstart,i+1 − tend,i = τn,o + pin,o with τn,o = τli,n + τn,li+1 1. Figure 4.1 on the follow-
ing page shows a conceptual three-dimensional representation of two discrete node-based
space-time prisms. The potential co-presence Ψn,W at a node n with respect to a time win-
dow W = [tstart,W , tend,W ] can now be calculated as the subset of all moving objects that
can reach the node during the time window: Ψn,W = {o ∈ O : pin,o ∩W 6= ∅}. Note that
an object can be present in the subsets of multiple nodes during a given time window.
Depending on the context and the research question, #Ψn,W (i.e. its cardinality) can be
interpreted as a more or less instantaneous co-presence of moving objects when the dura-
tion of the time window W is small relative to the speed of movement (e.g. for pedestrian
movement this could be in the order of seconds) or as an indicator of potential crowdedness
when wider time windows are chosen (e.g. how many objects could have been present at a
location during one hour). While the implementation is inherently node-based, #Ψn,W can
easily be visualized along all edges of the underlying network. The edges can be segmented
into subsegments of length σ (a value that can be specied by the user) and each segment
can be attributed a value through linear interpolation between the values of #Ψn,W of both
end vertices of the edge2. A conceptual representation of the potential co-presence is also
depicted in gure 4.1 on the next page.
1Note that we do not take any activity participation time into account as we do not presuppose any obligatory
activities taking place in between anchor points.
2We note that linear interpolation could potentially result in unrealistic values along long network segments
on the edge of the reachable subset of network segments (where one endpoint would be reachable by a number of




Figure 4.1: Three-dimensional representation of two node-based space-time prisms of two moving
objects (1: blue, 2: red), and the resulting potential co-presences between them. Origins (squares),
destinations (circles) and shortest paths for each move are plotted on the lower network projection as
a reference. Vertical colored lines represent the potential presence intervals pin,o (1: solid, 2: dashed).
Grey spheres at each (instantaneous) time window (W1 →W4) represent the number of objects that
could have been present at each reachable node during W (#Ψn,W ; small sphere: only one object,
large sphere: both objects).
4.2.2 Feasible co-presence opportunities
To include the notion of feasibility of co-presence into our model, we again focus on one
individual move. Despite the dierent approaches used to study the distribution of presence
probabilities inside of a prism — ranging from random walk simulations (Winter and Yin,
2011) to kernel density estimation (Downs and Horner, 2012) — the main factor inuencing
this probability (in a negative way) is the travel time required to reach a certain point, mean-
ing that longer travel times towards the border of the prism will lead to lower probabilities
of presence. The way this travel cost is incorporated, however, varies. In brief, Downs and
Horner (2012) calculate probabilities inside of a space-time prism by dividing the distance
to reach an intermediary location by the maximum possible distance that can be covered
with the available time budget b, and subsequently apply a decay function to this ratio3. By
dividing both distances by a travel speed and using an inverse decay function, this devia-
3We note that this ratio is additionally modied by the dimension of the potential path tree associated with the
move in order to avoid bias when combining several moves. Since our focus lies on one individual move, we can
disregard this factor.
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tion from the longest possible path can be formulated in the following manner: δLP = b/τ
where τ is a short notation of τn,o. As τ ≤ b, the domain of δLP is essentially [1,+∞[ with
δLP = 1 corresponding to a location on the border of the prism that can only be reached
by spending the entire time budget travelling (without having any spare time in between)
and δLP = max{δLP } situated on the shortest path between both anchor points.
A possible alternative is to calculate the deviation from the shortest instead of the longest
possible path. Formally, we can say that the deviation from the shortest path δSP = τSP/τ
with τSP representing the time it takes to travel between both anchor points along the
shortest path. As τ ≥ τSP , the domain of δSP is ]0, 1] with δSP = 1 corresponding to
a location situated on the shortest path and δSP ' 0 corresponding to a location on the
fringe of the prism. Figure 4.2 on the following page now compares both measures for
one move with a shorter and longer time budget. Both δLP and δSP have higher values
along the shortest path and lower values near the border of the prism. Values for δSP are
not inuenced by the available time budget, although the extent of the prism clearly grows
with a longer budget. In contrast, values for δLP are time-budget dependent: a larger budget
will lead to larger values in the central area whereas the extreme border of the prism will
be associated with values close to 1.
In order to go from potential to feasible presence opportunities, all nodes with δSP or δLP
values below a certain threshold value can be pruned. The result of this heuristic operation
is a space-time prism which is more constrained towards the shortest path between both
anchor points. The choice between δSP and δLP as heuristic measure ultimately boils down
to the question whether the probability of reachability within a space-time prism should
only depend on the deviation from the shortest path (δSP ) or whether the available time
budget should also have an inuence (δLP ). In this case, δLP is proportionally related to
b, so a move with a longer time budget would surpass the threshold value faster and lead
to larger prisms. While the consideration of a heuristic measure will be scenario-specic,
we think that δSP is more suited for the scenario that is assumed in this chapter and was
already concisely described in section 4.2.1 on page 70: moving objects alternating periods
of detections by sensors at specic points of interest and moves in between these locations.
Provided that all points of interest attracting moving objects are covered by a sensor, we
can assume that the primary purpose of the time spent in between two detections is travel.
Hence we do not intend to model an object’s possibility of undertaking a certain activity
between two anchor points (as in most space-time accessibility frameworks). In contrast
to this last approach, the probability of a moving object having passed a certain node of
the network when moving in between points of interest should not be higher when the
object has a larger time budget. An additional advantage of δSP is its xed domain between
0 and 1, and its more straightforward interpretation towards calibration. More formally,
we can now dene the feasible co-presence on a network node as the following subset of
potential co-presence: Ωn,W = {o ∈ O : pin,o ∩W 6= ∅ ∧ δSP (pin,o) ≥ δSP,min} ⊆ Ψn,W ,
with δSP,min being the threshold value imposed on δSP . The conceptual dierence between
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Figure 4.2: Eect of the available time budget b on the δSP and δLP measures for deriving the feasibil-
ity of presence within a space-time prism. All frames correspond to a move between the same origin
(square in the south-west) and destination (circle in the north-east) with a corresponding shortest
path of 1,174 meters which takes 14 minutes and 3 seconds to cross when a uniform walking speed
of 5 km/h is taken into account. Grey network segments are not part of the space-time prism, the
segments which are reachable are colored according to the value of δSP or δLP . The rst frame
show a conceptual depiction of all potentially reachable locations and the subset of feasibly reachable
locations (δSP,min = 0.85).
the potential reach during one move and the feasible reach is illustrated in the rst frame
of gure 4.2. Figure 4.3 on the next page shows the eect of the threshold value imposed
on δSP in a scenario with two moving objects. A threshold of 0.95 clearly shows the fastest
paths for both moves, and results in a signicantly smaller interaction zone.
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Figure 4.3: Feasible co-presence opportunities #Ωn,W for a population of 2 moving objects (1: mov-
ing from west to east, 2: moving from south to north). Both objects start their move at t0, but object 1
has a time budget of 40 minutes whereas object 2 only has 30 minutes. A uniform walking speed of 5
km/h is assumed over the network. Blue network segments are only feasible to reach for one of the
objects (#Ωn,W = 1), red segments for both objects (#Ωn,W = 2).
4.2.3 Implementation
The model described in this section was implemented as an extension to a previously im-
plemented spatiotemporal accessibility toolkit (Neutens et al., 2010). Briey summarized,
this Java based standalone toolkit is able to assess the spatiotemporal accessibility of ur-
ban opportunities to one or multiple persons based on information about the transportation
system, urban opportunities and individual activity schedules. An extension of the original
toolkit was necessary for the handling of Bluetooth tracking data, and the implementation
of a new data structure for modeling feasible co-presence opportunities. The visualization
of this data structure was done in the R suite (2.14.0), where a function was implemented
that can automatically generate time-series of maps based on the output of the toolkit. An
evaluation of the performance of the toolkit will be given in section section 4.4.2 on page 82.
4.3 Case study: ‘Ghent Light Festival 2012’
In order to test the model developed in section 4.2 on page 70 and its implementation, we
will apply it to a large (episodic) Bluetooth tracking dataset and focus on the network-
constrained movements of a crowd in between sensor locations based on location measure-
ments at the sensor locations. The Bluetooth tracking dataset in this chapter was gathered
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during the ‘Ghent Light Festival 2012’4. During this four day long event (26–29 January),
29 artworks making use of light were dispersed over the city center of Ghent, Belgium. Ev-
ery night, these artworks were functioning from 6 pm until midnight, and visitors could
walk along them following a ‘light route’ of 4 kilometers. Over the four days, an estimated
500,000 visitors attended the festival for free. In order to get a clearer understanding of
the spatiotemporal dynamics of the crowd, 25 Bluetooth scanners were strategically placed
along the light route in close vicinity of the artworks where possible (sometimes a very
close distance was not possible due to the unavailability of a secure location for the scanner
or a power source). For more technical details on the Bluetooth scanners and sensors, we
refer the reader to (Versichele et al., 2012a). At most locations, class 2 Bluetooth sensors
were deployed. If the area to be covered was larger (e.g. at squares) or the sensor needed to
be deployed on a higher oor of a building, we used more sensitive class 1 sensors with a
larger reach (i.e. locations 1, 3, 4, 7, 11 and 16 on gure 4.4 on the facing page). The scanners
sensed the presence of Bluetooth-enabled mobile devices whenever they were nearby. Over
the course of four days, 35,207 unique Bluetooth devices were registered during the running
hours of the event. These devices were responsible for 38,503 trajectories (after splitting of
the original trajectories at time gaps of at least six hours in length in order to distinguish
between several visits). Five scanners were dropped from the remainder of the analysis (1
due to technical issues, 4 because they were located indoors instead of outdoors and we
intend to model feasible co-presences on an outdoor network). Figure 4.4 on the next page
shows the city center of Ghent, the ‘light route’, the locations of the light attractions and
the Bluetooth scanners. It also shows a photograph of the artwork ‘Luminarie de Cagna’
located at the starting location of the light route. The network used as input to the imple-
mentation consisted of 1,381 nodes and 1,880 interconnecting edges. A uniform maximum
travel (walking) speed of 5 km/h was used for all edges of the network (Bohannon, 1997).
In the remainder of this section, two analyses will be performed to illustrate the potential
of our approach. First, we will focus on a subpopulation of the total tracked population in
order to visualize and interpret the movements of ‘early-bird’ visitors (i.e. visitors present
at the starting location at 6 pm, O1) during the third day of the event. Next, we will expand
the analysis to include the movements of the entire population of visitors on the same day
(O2).
4.3.1 Early-birds
Only the visitors that were detected at the starting location of the route between 5:50 pm and
6:05 pm on day 3 (6 pm being the time the artworks were illuminated) were selected from the
total population. This analysis will now focus on these 388 ‘early-bird’ visitors (symbolized
asO1) and how they move around in the study area. The feasible co-presence opportunities
were calculated as explained in section 4.2 on page 70. The pruning to feasible space-time
4www.lichtfestivalgent.be
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Figure 4.4: (a) Study area of the ‘Ghent Light Festival 2012’. Arrows indicate the direction of the
programmed light route, numbers refer to the sensor locations. (b) View at the starting location,
looking in a north-eastern direction.
prisms was done with a threshold value of δSP,min = 0.75. Time windows of ve seconds
in length were calculated every ve minutes. Six characteristic snapshots are shown in
gure 4.5 on the next page. Besides feasible co-presence (represented by a color scale over
the network according to #Ωn,W , with grey segments not reachable by any visitor), the
moves associated with the calculated space-time prisms are also visualized in an aggregated
way. The width of the lines representing these ows varies according to the number of
moves in the ow that overlap with the time window of the snapshot. The lines also curve to
the right going from origin to destination in order to make ow directions easier to interpret.
Finally, the number of visitors that was actually detected (over ve minutes) is also depicted
at each sensor location by proportionally sized circles. At 6 pm (W1), visitors have clearly
assembled at the starting location of the light route. This is both supported by the actual
co-presence of devices detected between 6 pm and 6:05 pm (324, highest in the entire time
series), and the feasible co-presence of almost 100 devices on the closest node. As can be seen
by all the aggregated moves pointing towards it, visitors seem to be still gathering at the
starting location. Ten minutes later (W2), the opposite is visible: all moves point away from
the starting location, with one ow in particular dominating towards the second attraction
in the north-eastern part of the light route. Correspondingly, the feasible co-presence is
also highest in this region although somewhat lower than in the previous time window.
Twenty minutes later (W3), we can see that the bulk of the visitors is now concentrated
in the northern part of the route. The number of feasibly co-present devices is now at its
maximal value over the entire time series (106). Again twenty minutes later (W4), we see
a diusion of the group further along the route while the tail of the crowd seems to be
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trailing in the north. The next window (W5) is similar in appearance with a slightly more
pronounced concentration now in the west. At 8 pm (W6), nally, what is left of the original

























































































































































































(d)W4: 6:50:00 pm→ 6:50:05 pm
Figure 4.5: Visualization of ‘early-bird’ (#O1 = 388) feasible co-presences #Ωn,W (δSP,min = 0.75)
by a color gradient over the road network. Six characteristic snapshots (|W | = 5s) during the course
of the third evening of the ‘Ghent Light Festival’ are shown (W1 →W6). Curved arcs depict ows in
between scanner locations during the time window (curving to the right from origin to destination).
Circles represent the actual presence of detected devices over 5 minutes ([tstart,W , tstart,W + 5min])
at each scanner location.
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(f)W6: 8:00:00 pm→ 8:00:05 pm
Figure 4.5: Continued.
4.3.2 All visitors
Subsequently, the trajectories generated by all visitors during day 3 of the festival (#O2 =
15, 564) were used as input to the model, and a similar analysis as in section 4.3.1 on page 76
was performed. Four snapshots are shown in gure 4.6 on the next page. Fifteen minutes
before the start of the event (W1), little movement is recorded and feasible co-presences are
correspondingly low as well. One hour after the start (W2), the aggregated moves indicate
that the crowd is moving along the route. The feasible co-presence of visitors is more or
less evenly spread over large parts of the route. Two hours later (W3), visitor ows have
grown in magnitude and a zone with signicantly higher feasible co-presences has become
visible around the intersection of the south-oriented ows in the west of the study area. At
10 pm (W4), visitor activity has clearly decreased. The highest feasible co-presences are still
located in the west, but are already signicantly lower than one hour earlier.
4.4 Discussion
4.4.1 Interpretation of feasible co-presence and its relation to actual
co-presence
As demonstrated in section 4.3.1 on page 76 for a subpopulation and in section 4.3.2 for the
entire population of visitors to the ‘Ghent Light Festival 2012’, our model is able to derive
feasible co-presence opportunities from large amounts of episodic movement data. The out-
put of the model was used for visualizing the estimated distribution of a crowd over an entire










































































































































(d)W4: 10:00:00 pm→ 10:00:30 pm
Figure 4.6: Visualization of feasible co-presences Ωn,W (δSP,min = 0.75) for all detected visitors
(#O2 = 15, 564) by a color gradient over the road network. Four characteristic snapshots (|W | =
30s) during day 3 of the ‘Ghent Light Festival’ are shown (W1 → W4). Curved arcs depict ows in
between scanner locations during the time window (curving to the right from origin to destination).
Circles represent the actual presence of detected devices over 5 minutes ([tstart,W , tstart,W + 5min])
at each scanner location.
numbers of devices detected over ve minutes were additionally depicted for each sensor
location in gure 4.5 on page 78 and gure 4.6 by means of proportionally sized circles. It is
important, however, to make a clear distinction between both variables and to understand
why they are not directly related to each other. The number of devices detected at a certain
location is an expression of actual co-presence (i.e. the number of visitors actually present
at a sensor location during a certain time period), whereas feasible co-presence represents
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an estimation of how many visitors could have feasibly passed an intermediary location on
the network during a certain time period. As such, actual co-presence serves as an input of
the model and feasible co-presence serves as its output. Additionally, it is important to note
that an object can only contribute to feasible co-presence if it is moving between two sensor
locations. This distinction is especially important when trying to translate model results to
crowdedness levels. Feasible co-presence levels over the edges of the network do not rep-
resent actual crowdedness as such, but are an estimation of the number of visitors ‘on the
move’ that could have passed through each edge going from one location to another. In an
extreme case, a completely static crowd would not deliver any co-presence opportunities
whereas certain (sensor) locations could certainly be classied as crowded.
To gain more insight into this distinction, the relation between both variables has been
plotted in gure 4.7 on the following page for two locations with sensors that were incorpo-
rated into the model and one location with a sensor that was not used in the model. Although
limited to three locations, the feasible co-presence values seem larger than co-located actual
presence values. This is due to feasible co-presence values close to the location of a specic
sensor not only being aected by displacements starting or ending at that sensor but also be-
tween neighboring sensors. The larger overestimation at sensor location 7 is most probably
due to the intersection of dierent moves in between the more nearby sensors in contrast
with sensor location 2, which is more isolated. This eect was also visible in gure 4.6 on
the preceding page. As a rst and preliminary step in validating the model, the relation be-
tween both variables was also plotted for one location with a sensor that was not used in the
model. The trend seems similar to the one for location 7. It must be stressed, however, that
this only comprises a very concise attempt at validating the model and further validation is
certainly necessary. One way could be to more systematically exclude sensor locations from
the model and studying their relation between measured actual co-presence and estimated
feasible co-presence as in gure 4.7 on the following page. The inclusion of more ground-
truth data (e.g. GPS devices or cameras for estimating the crowdedness levels on certain
network segments) will be particularly helpful in such an endeavor. A systematic calibra-
tion of the model parameters (mainly δSP,min) is also necessary for enhancing the reliability
and interpretability of the model outputs. The threshold of δSP,min will certainly depend
on the context. In this case study, we set the threshold at 0.75 in order to incorporate the
pre-planned light trajectory (which more or less connects the light works by shortest paths)
but at the same time leave some room for movements deviating from this trajectory. In case
this trajectory would have actually been physically imposed on the crowd (e.g. by fences),
we could have set the threshold closer to 1. In contrast, larger degrees of freedom for both
movement and dwelling behavior (e.g. in case there would be no pre-planned trajectory)
would be modeled by lower δSP,min values.
The selective modeling of (moving) feasible co-presence instead of (static) actual pres-
ence might open up new and interesting avenues of research as there usually is a positive
relation between crowd movement and friction and the probability of stampeding and tram-
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Figure 4.7: Relation between feasible and actual co-presence of all visitors (O2) at two sensor locations
used in the model and one extra sensor that was not used in the model (situated in between sensors 5
and 7 on the light route). The numbers of the sensor locations refer to those in gure 4.4 on page 77.
The color of the points varies according to a time scale. Dotted lines represent y = x.
pling (Helbing et al., 2000). Our approach could be used to either detect (as in gure 4.6 on
page 80) or predict (e.g. by simulations based on previously gathered tracking data) locations
where large groups could have been or could be feasibly co-present, thus causing elevated
crowd risks. As with any other tracking technology, specic attention should be given to
the representativeness of the gathered movement data. In this case study, the 38,503 regis-
tered trajectories represent almost 8% of the total estimated visitor population. As such, one
should be careful when extrapolating ndings to the entire visitor population. On the other
hand, the gathered dataset covers a signicantly larger share of individuals in comparison
with other traditional techniques such as the use of GPS loggers and/or questionnaires, and
in a higher spatial accuracy than cell phone tracking methods.
4.4.2 Performance of the toolkit
A brief summary of the performance of the toolkit and its scalability with regards to the
number of moving objects is shown in gure 4.8 on the next page. Calculations were done
on a non-dedicated system with a 2.66 Ghz Intel Core 2 Duo CPU and 8 Gb of internal
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memory. The software environment consisted of Mac OS X 10.7.5, R 2.14.0 and Java SE 6.
The scenario used for the calculation was the same as in section section 4.3.2 on page 79,
and the sample size was varied by subsampling the original population. While calculation
times for large populations are still acceptable for post-event analyses, real-time processes
will clearly necessitate improvements in the eciency of the implementation. One possible
avenue is the parallelization of the calculation process. Dynamic instead of static maximum





























Figure 4.8: Relation between sample size and calculation time as a measure of the performance and
scalability of the implementation. Means as well as standard deviations are shown (n = 3).
4.5 Conclusions
This study started with a discussion on the nature of ‘episodic’ movement data, and how
traditional methods are poorly equipped for the reconstruction of an object’s movement
during time gaps where its position is unknown. A concise discussion on time geography
and its potential value in addressing this issue followed, mainly focusing on three important
research trends which can be identied in the available literature: the translation of con-
ceptual time-geographic concepts to realistic (e.g. network-constrained) environments, the
valuation of reachability within a space-time prism, and the focus on multiple individuals
and their interaction spaces instead of individuals.
Simultaneously picking up on these trends, a model was developed for the derivation of
feasible co-presence opportunities for groups of moving objects whose location is only reg-
istered at certain sensor locations on a road network. This model was subsequently imple-
mented as an extension on a previously implemented toolkit, and illustrated on a Bluetooth
tracking dataset gathered during the ‘Ghent Light Festival 2012’ (± 500,000 visitors over four
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days). Feasible co-presences at regular time windows were calculated at each network node
and subsequently interpolated over all network segments for a subpopulation and the entire
population of tracked visitors on the third event day. This way, the estimated distribution
of both groups over time was visualized and subsequently interpreted in the context of the
mass event. Special attention was also given to both the relation between and the important
distinctions between feasible and actual presence when interpreting output results.
Although the model can be considered a promising approach to dealing with the absence
of positional knowledge in episodic data — in the sense that the generated maps reveal pat-
terns that correlate with the expected outcome and that they are interpretable given the
context of the event — more focus should be devoted to a further validation and calibration
of the model with additional ground-truth data. As this data was lacking in the study, this
was not possible at present but should certainly receive further attention in the near future.
The stability of the model and its output with regards to the inclusion or exclusion of dif-
ferent sensors from the dataset should also be investigated further. Additional contextual
knowledge can also be incorporated into the model by varying walking speeds over dier-
ent network segments (either in a static way or dynamically depending on the crowdedness)
instead of assuming a xed walking speed of 5 km/h. Finally, the toolkit was evaluated to
be suciently ecient for current oine analyses but improvements will be necessary for
real-time calculations.
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under review
Abstract The rapid evolution of information and positioning technologies, and their in-
creasing adoption in tourism management practices allows for new and challenging research
avenues. This chapter presents an empirical case study on the mining of association rules
in tourist attraction visits, registered for fteen days by the Bluetooth tracking methodology.
This way, this chapter aims to be a methodological contribution to the eld of spatiotemporal
tourism behavior research by demonstrating the potential of ad-hoc sensing networks in the
non-participatory measurement of small-scale movements. An extensive ltering procedure is
followed by an exploratory analysis, analyzing the discovered associations for dierent visitor
segments and additionally visualizing them in ‘visit patternmaps’. Despite the limited duration
of the tracking period, we were able to discover interesting associations and further identied a
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tendency of visitors to rarely combine visits in the center with visits outside of the city center.
We conclude by discussing both the potential of the employed methodology as well as its further
issues.
5.1 Introduction
Due to the complex nature of tourism, tourism management endeavours increasingly re-
volve around studying how tourists behave on an individual level (McKercher, 1999). The
spatiotemporal behavior of tourists is of a particular importance as a tourist trip is essen-
tially the result of the balancing of a certain time budget with personal preferences for
visiting certain attractions or destinations which are geographically separated (Lew and
McKercher, 2006). Despite this importance, empirical studies into tourist mobility have tra-
ditionally been rather scarce due to the labor-intensive and often expensive nature of tradi-
tional methods such as direct observation (Hartmann, 1988) or personal interviews (Kem-
perman et al., 2009). Space-time diaries (Connell and Page, 2008; Janelle et al., 1988; Lau
and McKercher, 2006) shift some of the weight away from the researchers but are often
characterized by a low reliability as respondents tend to forget or neglect to register certain
activities. Recently, however, tracking technologies oer a more scalable and objective way
to capture spatiotemporal behavior in a detailed way (Shoval and Isaacson, 2009). The use
of global navigation satellite systems — such as GPS — is currently the dominant approach
and its adoption in tourism research through the distribution of logging devices is well-
documented (Shoval and Isaacson, 2007a,b; Shoval et al., 2011; Tchetchik et al., 2009). An
alternative approach is to track the movement of mobile phones through a cell tower net-
work without the direct participation of the phone’s owner (González et al., 2008; Ratti et al.,
2006). Particularly in Estonia, this method has already been extensively used for studying
regional movement patterns of tourists (Ahas et al., 2007a, 2008).
Despite the undeniably important contribution of both tracking methodologies to the re-
search eld, we argue that both approaches have certain limits. The distribution of logging
devices necessitates the direct collaboration of the tracked individual. This makes it hard
to scale up the methodology to large groups of individuals. Additionally, any participatory
methodology presents a risk for self-selection bias where individuals with certain charac-
teristics would show a higher degree of cooperation and thus be overrepresented in the
sample. Finally, GPS technology is not applicable to indoor contexts. Cell phone tracking,
on the other hand, encompasses other limitations. First, the spatial accuracy of the method
is limited by the density of cell towers over the study area. In Estonia, for example, around
50% of measurements were correct to within only 400 meters in urban areas and only 2600
meters in rural areas (Ahas et al., 2007b). While this does not hinder the study of regional
movements, it does pose a problem when studying movement within a certain tourist desti-
nation (e.g. a city). Second, these datasets are property of mobile operators and — as such —
not freely available. In summary, it seems that small-scale spatiotemporal behavior cannot
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be measured without the direct involvement of the individual to be tracked. This hinders
studying larger groups of individuals.
A recent alternative in the non-participatory tracking of mobile phones is the use of ad-
hoc sensor networks distributed over a study area. Bluetooth technology, for example, has
already been employed for studying pedestrian ows at mass events (Delafontaine et al.,
2012; Stange et al., 2011; Versichele et al., 2012a,b) and in social studies (Eagle and Pentland,
2005). WiFi (Bonné et al., 2013) and RFID (Öztayşi et al., 2009) technology provide similar
possibilities. Due to the limited coverage of each sensor, a careful deployment of sensors may
thus provide movement records with a granularity that is much smaller than the accuracy
level of cell phone tracking data. Despite their potential in the non-participatory registration
of small-scale movements, we have as yet no indication of their use for tourism management
purposes.
This chapter aims to address this issue by presenting a case study where visitors to tourist
attractions in Ghent, Belgium were registered through an ad-hoc Bluetooth sensor network.
Due to the novelty of Bluetooth technology — and the use of ad-hoc sensing networks in
general for that matter — we will not only elaborate extensively on the working princi-
ple of the methodology, but also on the analytical potential of such tracking data. Ad-hoc
sensor network data lack the typical socio-demographic or psychographic variables used
as explanatory factors in various studies related to tourism behavior. In contrast with hy-
pothesis testing procedures, sensor network data often need to be investigated without any
a priori assumptions. The collection of such methods that can be used to discover (non-
trivial) patterns and knowledge from large data sets is called data mining (Fayyad et al.,
1996).
The application of data mining techniques to tourism datasets is not new. In this section,
we give a short overview of prior work that has used data mining in the context of tourism
research. Regression techniques have frequently been used to model tourism demand (Song
and Li, 2008; Witt and Witt, 1995), either through time-series approaches (Burger et al., 2001;
Hong et al., 2011; Law, 2000; Palmer et al., 2006) or causal approaches linking the demand
to external variables (Law and Au, 1999). Clustering or segmentation — which redistributes
data points into clusters of higher similarity — has been employed in identifying dierent
tourist types or proles (Bloom, 2005; Cini et al., 2010; Dolničar, 2004; Dolničar and Leisch,
2003; Tchetchik et al., 2009). Sequential pattern mining on visitor trajectories enables nding
patterns in the order in which certain activities or visits take place (Orellana et al., 2012;
Shoval and Isaacson, 2007a). Classication — which can be interpreted as the categorical
variant of regression — has been applied in a diverse number of contexts such as tourist
(Law, 2000) and business traveler (Law et al., 2006) expenditure, and hotel customer proling
(Min et al., 2002). Finally, association rule learning is concerned with discovering associations
between variables without xing the output variable, as is the case in classication. In
comparison to the other techniques, implementations of association rule learning in tourism
research are rather scarce. Documented applications found in literature include tourism
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product development (Al-Salim, 2008; Liao et al., 2010), domestic tourist proling (Emel
et al., 2007), analysis of behavior on touristic websites (Rong et al., 2012), and change and
trend identication in Hong Kong outbound tourism (Law et al., 2011).
This chapter aims to be a methodological contribution to the eld of spatiotemporal
tourism behavior research by demonstrating the potential of ad-hoc sensing networks in
the non-participatory measurement of small-scale movements. We describe a case study
where visitors to 14 tourist attractions were registered through Bluetooth technology sens-
ing the mobile devices they were carrying around. In an attempt to investigate the analytical
potential of the resulting data, we employ an association rule learning algorithm to mine
for interesting patterns in the combinations of visits to dierent attractions. As the tracking
data are completely anonymous, it is impossible to directly distinguish between local visi-
tors and actual tourists as dened by the World Tourism Organization: people "traveling to
and staying in places outside their usual environment for not more than one consecutive year
for leisure, business and other purposes" (World Tourism Organization, 1995). By deploying
sensors in 14 hotels, however, some visitors will be identied as hotel guests therefore giv-
ing a strong suggestion that they are indeed tourists. Extra context is added by tracking
visitors at the tourist inquiry desk as well. Combining the tracking data with these contex-
tual assumptions, we will investigate patterns for dierent visitor segments (e.g. those that
were only detected on one day, those that were identied as hotel guests, etc.). For the sake
of clarity, we will always use the term visitors instead of further labeling them as tourists.
The remainder of the chapter is organized as follows. In section 5.2, we rst discuss
the Bluetooth tracking methodology and its specic implementation in the case study (sec-
tion 5.2.1). Next, we describe association rule learning in more detail (section 5.2.2 on
page 95) and how the information it generates can be summarized in ‘visit pattern maps’
(section 5.2.3 on page 96). Section 5.3 on page 97 outlines the ltering of the raw tracking
data in detail, and section 5.4 on page 99 presents a rst data exploration. The actual associ-
ation rule mining is performed for the dierent visitor segments in section 5.5 on page 105.
We nish with a discussion and conclusion in section 5.6 on page 108.
5.2 Methods and data
5.2.1 Bluetooth tracking
For this study, scanners with Bluetooth sensors were deployed at 29 locations in and around
the historical center and the ‘arts quarter’ of Ghent (Belgium) for fteen days in May of 2012.
Ghent was chosen as the study area because of its rather unique touristic character: despite
its wealth of attractions and historical signicance, it was once described as ‘Belgium’s best
kept secret’ (Lonely Planet, 2011) due to the nearby presence of better known destinations
such as Bruges. As a result, it attracts a more diverse (and probably less predictable) audi-
ence. Coupled with the fact that Ghent also serves as a university city, and that its historical
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center also serves a residential function, the city represents an intriguing yet challenging
test bed for the tracking methodology. Additionally, some of its attractions are located at
considerable distances from the historical center and the tourism department was very re-
ceptive to any methodology which could oer additional insights in the visiting behavior
over the entire city.
An overview of the study area and the sensor locations is given in gure 5.1 on the next
page. The full names of the dierent venues are shown in gure 5.4 on page 101. The
locations consist of fourteen hotels (a–n), three open (1–3) and eleven closed (4-14) tourist
attractions, and the inquiry desk for tourists. We make the distinction between open and
closed attractions based on the need for visitors to either buy a ticket or register. The open
(i.e. no registration required) attractions consisted of a cathedral, a church and an indoor
market. All closed attractions were museums, covering a wide range of interests such as
classic/modern arts, history, textiles, and the former ‘Castle of the Counts’. In 2012, these
fourteen selected attractions were responsible for around 76% of the total number of visits
to all attractions in Ghent. The hotels comprised the entire range of common classes and
price-ranges: one hotel without stars (a), one *- (b), two **- (c–d), four ***- (e–h), four ****-
hotels (i–l), and two hostels (m–n). Together, these fourteen hotels contained 67% of the
total number of available beds in the city.
The Bluetooth scanners continuously searched for discoverable Bluetooth devices within
their detection range, and registered the MAC address and COD (class of device) code of
each detected device together with the detection timestamp. The MAC address acts as a
unique identier of the detected device, and can be used to link dierent detections (at
dierent locations) to the same device and thus generate trajectories. The COD code can
be used to deduce the type of device (phone, car kit, mp3-player, etc.). More details on the
Bluetooth tracking methodology and the deployed hardware can be found in a previous
study (Versichele et al., 2012a). All Bluetooth sensors used were class 2 devices, which have
a theoretical communication range of around 10 meters according to the ocial Bluetooth
specications. The actual detection range of Bluetooth sensors, however, largely depends
on the environment and the presence/absence of a line-of-sight between the sensor and the
detected device. As such, the exact location of each sensor was chosen by balancing the need
for an optimal position (in order to only detect devices inside the attraction or hotel) and
the sake of convenience (i.e. the presence of a power supply). All Bluetooth scanners were
connected to the internet (18 wired, 11 wireless) in order to facilitate the remote monitoring
of their correct operation.
As a rst generalization of the detection data, each scanner concurrently generated a com-
pressed log format where successive detections of the same device within 10.24 seconds of
each other were compressed into detection intervals. This duration corresponds to the stan-
dard Bluetooth inquiry time (Peterson et al., 2006). The dierence between the detections
and the resulting detection intervals is illustrated in gure 5.2 on page 95. The resulting
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Figure 5.1: Overview of the Bluetooth sensor placement in Ghent, Belgium. The inset map shows a
more detailed view of the city center.
detected over 235,597 time intervals over all locations. As tracked individuals were not ap-
proached, no additional socio-demographic or other variables were present in the dataset.
The owners of the detected devices thus remain completely anonymous, and were in fact
not aware of being part of a scientic study. In previous experiments, we observed that
around 8% of a general public is traceable through a detectable Bluetooth device with the
class ‘phone’. We will use this gure to provide an approximation of the number of detected
individuals based on the number of detected phones. We continue this chapter by describing
association rule learning.
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Figure 5.2: Schematical representation of detections, detection intervals, the duration of presence
(dp), and the duration of visit (dv).
5.2.2 Association rule learning
Association rule learning represents a popular data mining method for discovering interest-
ing relationships between variables in large databases. Adhering to the original denition
(Agrawal et al., 1993), an association rule can be dened as X ⇒ Y with X,Y ⊆ I and
X ∩ Y 6= ∅. The itemsets X and Y are called antecedent and consequent respectively. The
total itemset I in this study consists of the fourteen attractions: I = {1, 2, . . . , 14}. The
database of transactions can be formalized as D = {t1, t2, . . . , tn} with each transaction
ti ⊆ I . Note that the general notion of a transaction is borrowed from the domain of market
basket analysis (Chen et al., 2005), but consists of an unordered set of locations visited by
a Bluetooth device i. The time ordering of visits is thus ignored, which distinguishes the
method from sequential pattern mining. The rules are generated by the Apriori algorithm
(Agrawal and Srikant, 1994) with the arules package (Hahsler et al., 2011) in the R (2.14.0)
statistical environment.
Three measures are used to compare rules: support, condence and lift. The support of a
rule is a measure of the share of tracked individuals to which the rule applies: s(X ⇒ Y ) =
s(X ∪Y ), with the support of an itemset Z (in this case Z = X ∪Y ) dened as the propor-
tion of transactions in the dataset which contain the itemset: s(Z) = #{ti ∈ D : Z ⊆ ti}/#D.
The condence of a rule is a measure of the probability of its consequent given its antecedent:
c(X ⇒ Y ) = s(X ∪ Y )/s(X). The lift of a rule is a measure of its support compared with the
support that can be expected ifX and Y were independent: l(X ⇒ Y ) = s(X ∪ Y )/s(X)s(Y ).
As this measure indicates whether a rule’s support is lower, similar or higher than would
be expected if X and Y are assumed independent, it is often used as the primary mea-
sure for the interestingness of a rule. In other words, rules with a higher lift indicate
a stronger association between antecedent and consequent than what could be predicted
based on the frequency of the items separately and are thus potentially more informative
and valuable. In order to further clarify these concepts, table 5.1 on the following page
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shows an illustrative example of transactions (visitors) being constituted of visits to four
of the main tourist attractions in Paris. Say, the following rule is generated: {Louvre} ⇒
{Arc de Triomphe,NotreDame}. The support of this rule would be the share of visitors
that visited all three attractions: s = 2/5 = 0.4. Its condence would be its support di-
vided by the support of its antecedent: c = 2/5/3/5 ' 0.67. The lift would calculated as:
l = 2/5/3/5× 3/5 ' 1.11. To limit the number of generated rules and enhance interpretability,
the following constraints were used for the Apriori algorithm: s ≥ 5/#D, c ≥ 0.05 and
#X + #Y ≥ 1 (in order to lter out rules with an empty antecedent). This way, rules
need to be supported by at least 5 tracked individuals or roughly 60 individuals taking the
detection ratio of 8% into account. We nish this chapter with more details on how we will
present the information extracted from this data mining method.
Table 5.1: Illustrative example of a transaction database in the context of tourist attractions in Paris
(1: visited, 0: not visited).
Transaction (=visitor) Eiel Tower Louvre Museum Arc de Triomphe Notre Dame
1 1 1 0 1
2 0 0 1 0
3 1 0 1 1
4 1 1 1 1
5 0 1 1 1
5.2.3 Visit pattern maps
A correct dissemination of patterns or knowledge discovered through data mining is essen-
tial. The output of this specic case study should be tailored for all stakeholders involved in
the tourism management of the study area. Association rule learning methods are known
to generate large amounts of rules, and the selection of those rules with a higher relevance
to the research question is a non-trivial task. Several approaches in visualizing association
rules, in contrast with the classical tabular representation, have already been documented.
These include the use of scatter plots and matrix-based visualizations (Hahsler and Chel-
luboina, 2010), graph-based representations (Appice and Buono, 2005), parallel coordinate
plots (Bruzzese and Davino, 2003; Yang, 2005), 3D volumes (Compieta et al., 2007), or others
(Techapichetvanich and Datta, 2005). As a way of summarizing the gathered knowledge
on tourist attraction visits of a specic segment of individuals, we introduce an alterna-
tive approach called a ‘visit pattern map’. This map is a geographical depiction combining
two types of information: the spatial distribution of visits over the study area, and the as-
sociation (combination) of visits to dierent attractions. The spatial distribution of visits
is visualized by proportionally sized circles showing the share of tracked individuals that
visited each attraction. The association between the dierent attractions is visualized by
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means of lines connecting dierent attractions. We believe that a geographical depiction of
association rules will enhance the interpretability, in contrast with the traditional tabular
fashion of representation. In order to avoid cluttering, we only visualize rules with single-
item antecedents. This way, rules are only associated with one item in both the antecedent
and consequent. Rules can now be represented by a single line connecting two attractions
at their geographical location. Although it could be possible to include all three indicators
in the visualization, we opt to neglect the condence as it is known to be biased by frequent
items in the consequent (Tan et al., 2005). Including it would additionally clutter the visu-
alization as it is the only measure which is not symmetrical for the case of two-item rules
(s(a ⇒ b) = s(b ⇒ a), l(a ⇒ b) = l(b ⇒ a), c(a ⇒ b) 6= c(b ⇒ a)). The support of a
rule is linked to the width of the line, the lift is represented by a discontinuous color scale.
Rules with higher lift values are plotted after (above) rules with lower lift values, making
the former easier to identify. The visit pattern maps generated for this dataset are shown in
gure 5.7 on page 107 and gure 5.8 on page 108.
5.3 Filtering
As mentioned above, nothing was known on the individuals carrying the detected Blue-
tooth devices. Before analyzing the dataset for associations between dierent attractions,
we needed to ascertain whether devices detected at a certain attraction represented actual
visitors or individuals that merely passed the location (either because of a sensor with a
detection range that was too large, because these individuals physically approached a reg-
istration desk but only for information purposes, or in the case of sta). Analogously, we
needed to distinguish between actual hotel guests and detected individuals with other pur-
poses (hotel sta, restaurant guests, convention attendees, browsers, etc.). In order to make
this distinction, we applied a progressive ltering process on the set of detected Bluetooth
devices at each location. The ltering was based on a combination of three parameters: the
type of device (accessible through the COD code), the duration of visit (dv) to a location and
the duration of presence (dp) at a location. By taking the device type into account, we could
lter on ‘phones’ and remove all other classes that do not represent a moving individual
(car kits, printers, etc.). The duration of visit was calculated as the time dierence between
the very rst and very last detection of a device at the corresponding location. In contrast,
the duration of presence is the duration that a device was actually detected by the sensor
of that location (after merging of co-located detection intervals, i.e. intervals that were less
than one minute apart). This way, a device that was detected at a location from 20:35 until
20:42 and from 08:32 until 08:35 the next morning would have a duration of visit dv of 12
hours and a duration of presence dp of 10 minutes. The concepts of dv and dp are further
illustrated in gure 5.2 on page 95.
For most locations, we received actual visitor/guest counts for the fteen day tracking
period (nv). By taking the detection ratio of 8% (ρ) into account, we could estimate the
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number of visitors that should have been tracked at each location as such: n′v = nv × ρ/100.
Where available, we could compare these gures with the actual number of detected devices
(nd) that remained after each successive ltering step. The ratio δ = nd/n′v could then act as
a reference for stating when the ltering process had reached an appropriate end point (δ →
1). The limits imposed on dv and dp were chosen by heuristic common sense linked to the
type of venue. As such, we describe the ltering for the group of hotels, open attractions and
inquiry desk, and closed attractions separately. Figure 5.3 represents a graphical overview of
the ltering process. In the remainder of the chapter, all visitor counts will refer to detected




















































































































































Figure 5.3: Progressive ltering process on the detected Bluetooth devices for the hotels (a), open
attractions and tourist inquiry desk (b) and closed attractions (c). The point symbols indicate the
ltering end points for each location. For the hotels and closed attractions, the ltering is based on
δ = nd/n′v with nd representing the number of devices and n′v the estimated number of tracked
visitors/guests based on a detection ratio ρ of 8%. For the open attractions and the inquiry desk, no
visitor counts were available and only nd was taken into account. Note the breaks in scale depicted
as the dashed horizontal line on the y-axes in (a) and (c).
As can be seen in gure 5.3a, the number of unltered devices detected at most hotels
signicantly exceeded estimates based on guest counts (with hotels e, i and k being the
extremes with δ ' 20). Only hotels a and d seemed to represent a set of devices with an
acceptable size without any ltering. A constraint on phones caused a moderate decrease in
δ for all hotels, but a signicantly larger decrease in hotel c. Further investigation indicated
this sensor’s range overlapping with a nearby parking lot, causing an overrepresentation of
devices associated with vehicles (28% vs. 7±4% for all other hotels). The subsequent ltering
steps were based on dv . Setting the lower limit to one hour clearly removed the largest share
of noise from the dataset, but common sense dictates that a visit to a hotel should range from
at least 8 hours (a guest checking in at night, and checking out early next morning), up to
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a reasonable maximum number of days (in order to lter out hotel sta, subcontractors,
etc.). The upper limit was xed at 5 days, which is still rather conservative compared to
the average duration of a visit in Flanders of 2,43 days (Toerisme Vlaanderen, 2012). After
ltering on the visit duration, all hotels except hotels e, i and kwere now associated with sets
of devices that corresponded with or were slightly smaller than the estimations. For these
three hotels, a further ltering on the actual duration of presence yielded acceptable sets
when the lower limit was set at one minute. The detection of individuals frequently passing
these hotels or their registration desks over several days is the most probable reason for the
necessity of this extra ltering step. We opted to apply this additional ltering solely on
these three hotels, because it caused a signicant additional decrease in four other hotels.
For the three open attractions and the tourist inquiry desk (gure 5.3b), no visitor counts
were available and the ltering was based on a conservative minimum visit duration of
10 seconds. This choice may seem arbitrary, but was made on the notion that some of
these attractions are known to serve as passageways for general movements throughout
the center. A further distinction between individuals merely glancing at the attraction, and
purposeful visits will not only necessitate further data but also entails a semantic discussion
on how to dene a ‘visit’ to such a location.
The ltering for the closed attractions was again based on a combination of the constraint
to phones, duration of visit, and the duration of presence. The heuristic lower and upper
limits of the visit duration were now set to 15 minutes and 5 hours respectively, thus ltering
out inquirers and museum sta. Figure 5.3c shows that all but four attractions reached an
acceptable δ value after ltering on dv alone. As with the hotels, a further ltering on
the duration of presence (minimum of 1 minute) was necessary for the remaining venues.
Only attraction 9 was associated with a device set that is still somewhat larger than would
be expected after this ltering (δ = 1.4). In absolute numbers, the dierence seems less
pronounced (nd = 59 vs. n′v = 42). As the lower limit on dp would need to be set at nearly
5 minutes, we chose to stop the ltering and accept one device set that was slightly larger
than expected. The nearby presence of a bar associated with the museum (the visitors of
which could be tracked but are not included in the visitor counts) might have caused this
anomaly.
5.4 Data exploration
As a summary of the progressive ltering process, the size of each ltered device set asso-
ciated with all covered locations is depicted in gure 5.4 on page 101. The ltered sets can
now be aggregated into three dierent sets of tracked individuals: visitors (symbolized as V ,
part of at least one of the ltered device sets at attractions 1–14), hotel guests (symbolized as
H , part of at least one of the ltered device sets at hotels a–n) and inquirers (symbolized as
I , part of the ltered device set at the tourist inquiry desk). The total ltered population of
tracked individuals P = H∪V ∪I contains 7,326 devices, which represents a 58% reduction
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by the ltering process. Looking at the number of hotel guests and comparing with the map
of the study area depicted in gure 5.1 on page 94, we can generally distinguish between
cheaper hotels further from the center with lower guest numbers, larger and more expen-
sive hotels in the center, and two hostels accommodating a very small share of guests. The
open attractions are associated with signicantly larger numbers of visitors than the closed
attractions. Based on this nding and the previously mentioned dierent characteristics
of a visit/visitor between the two types of attractions, we will further distinguish between
visitors sensu lato (V = Vo ∪ Vc) and visitors sensu stricto (Vc), with Vo representing all
visitors to at least one of the open attractions and Vc all visitors to at least one of the closed
attractions.
As already stated in section 5.3 on page 97, there is a signicant semantic dierence be-
tween visiting an open and a closed attraction. Whereas a visit to an open attraction can be
very short and coincidental in nature due to the free entrance, a visit to a closed attraction
represents a signicantly longer and probably more deliberate choice. We therefore suspect
that both types of visits are generally performed by dierent individuals. In order to explore
this hypothesis, we start by dening 5 visitor segments based on (dierent combinations of)
the sets V , Vo and Vc. These ve segments are: V (visited at least one open/closed attrac-
tion), Vo (visited at least one open attraction), Vc (visited at least one closed attraction),
Vo \ Vc (visited at least one open attraction but none of the closed attractions), Vc \ Vo (vis-
ited at least one closed attraction but none of the open attractions). The similarities between
these segments are depicted in table 5.2 on page 102, where Jaccard indices (size of the in-
tersection divided by size of the union) were calculated as measures for the similarity. As
expected, the number of open attraction visitors Vo (80% of V ) clearly exceeds the number of
closed attraction visitors Vc (36%). Additionally, the overlap is quite small: 80% of the open
attraction visitors never visited any of the closed attractions, 56% of the closed attraction vis-
itors never visited any of the open attractions, only 16% combined both types of attractions.
Next, we investigated the share of hotel guests, inquirers and one-day/several-day visitors
(calendar days) for the dierent visitor segments. It appears that especially individuals that
only visited one or more closed attractions (Vc \ Vo) show a deviating (lower) hotel (4 vs.
8%) and inquiry desk (4 vs. 13%) use, and contain a slightly higher frequency of one-day
visitors (83 vs. 78%) compared to V . It would be reasonable to assume that this is caused
by the geographical distance between most of the closed attractions and the historical cen-
ter where most tourists (identied hotel guests) stay, making that this group has a higher
representation of local (one day) visitors.
Almost two thirds of all visitors (V ) only visited one or more of the open attractions
(Vo \Vc). Due to the low number of open attractions (3), this would make a large part of the
dataset be composed of a rather homogeneous and less informative subpopulation. As such,
we continue exploring the set Vc (i.e. the individuals having made at least one deliberate
choice in registering for and visiting one of the closed attractions) as a more heterogeneous
and better candidate set for a data mining method. We continue the investigation by distin-
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I   Inquiry desk
   
14   St. Peter's Abbey
13   STAM - City Museum of Ghent
12   S.M.A.K. - Museum of Contemporary Art
11   Museum Dr. Guislain
10   Museum of Fine Arts
9   Museum of Industrial Archaeology and Textiles
8   The House of Alijn
7   Castle of the Counts
6   Design Museum
5   Belfry
4   St Bavo's Abbey
   
3   St Nicholas' Church
2   St Bavo's Cathedral
1   Groot Vleeshuis
   
n   Hostel 47
m   Hostel De Draecke
l   Sandton Grand Hotel Reylof ****
k   NH Ghent Belfort ****
j   Holiday Inn Ghent Expo ****
i   Ghent River Hotel ****
h   Novotel Ghent Center ***
g   Holiday Inn Express Ghent ***
f   Castelnou ***
e   Best Western Chamade ***
d   Ibis Ghent Opera **
c   Campanile **
b   Monasterium Poortackere *
a   Formule 1































Figure 5.4: Preprocessing summary showing the number of detected devices before and after ltering
at each location, and the aggregation of the ltered devices into the sets of hotel guests H , visitors
V (sensu lato), information seekers I , open attraction visitors Vo, closed attraction visitors Vc, and
the entire population of tracked individuals P . Note the break in scale on the x-axis depicted by the
dashed vertical line.
guishing between one-day and several-day visitors, leading to two extra visitor segments:
Vc ∩ P1d and Vc ∩ P>1d respectively. As table 5.2 on the next page shows, one in four
visitors in Vc is present in the database over more than one (calendar) day. Around 37% of
the several-day visitors were identied as hotel guests, and 23% went to the inquiry desk.
Please note that the hotel usage will be an underestimation of the real gure as only 67%
of the total hotel capacity was tracked in the experiment, so the other 63% of several-day
visitors will be a combination of hotel guests outside of the tracked sample and visitors that
performed visits over several days that may or may not be contiguous (e.g. over a rst visit
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Table 5.2: Sizes of, similarities between dierent visitor segments (Jaccard index), and the corre-
sponding share of hotel guests (H), inquirers (I), one-day (P1d) and several-day visitors (P>1d) for
each visitor segment. The ve visitor segments are: V (all visitors), Vo (open attraction visitors), Vc
(closed attraction visitors), Vo \ Vc (only visited one or more open attractions but none of the closed
attractions), Vc \ Vo (only visited one or more closed attractions but none of the open attractions).
Jaccard index: #(A ∩ B)/#(A ∪ B) #(A ∩ B)/#A
A ↓ B → #A V Vo Vc Vo \ Vc Vc \ Vo H I P1d P>1d V Vo Vc
V 5,891 1 0.80 0.36 0.64 0.20 0.08 0.13 0.78 0.22
Vo 4,726 0.80 1 0.16 0.80 0 0.09 0.15 0.77 0.23
Vc 2,095 0.36 0.16 1 0 0.56 0.10 0.14 0.75 0.25
Vo \ Vc 3,796 0.64 0.80 0 1 0 0.07 0.12 0.80 0.20
Vc \ Vo 1,165 0.20 0 0.56 0 1 0.04 0.04 0.83 0.17
Vc ∩ P1d 1,564 0 0.11 1 0 0.75
Vc ∩ P>1d 531 0.37 0.23 0 1 0.25
Vc ∩ P>1d ∩H 196 1 0.27 0 1 0.09
H 1,581 0.08 0.31 0.28 0.13
Hfar 456 0.05 0.16 0.15 0.03
H4∗ 675 0.09 0.37 0.33 0.16
Hhostel 64 0.02 0.39 0.33 0.19
in the rst weekend, and a second visit in the following weekend). As a last segment, we
additionally constrained to identied hotel guests (Vc ∩ P>1d ∩ H). This segment, which
comes as close to the denition of tourists as explained in the introduction, shows an even
slightly larger use of the inquiry desk.
In order to explore the possible eect of hotel choice on visiting patterns, we further also
distinguish between the guests of hotels located far from the center (a, c, g or j; Hfar),
four-star hotels (i− l,H4∗) and hostels (m, n; Hhostel). Guests of a hotel far from the center
clearly less often visit an open or closed attraction, or the inquiry desk. The four-star hotel
guests seem to follow the pattern of the more general set of hotel guests. Hostel guests
hardly visit the inquiry desk, but seem to visit tourist attractions slightly more often than
the average hotel guest.
We also investigated the total duration covered in the tracking data and the number of
visited attractions in the dierent visitor segments. Figure 5.5 on the facing page shows
the resulting distributions of the number of calendar days, number of attractions and num-
ber of closed attractions for the ten visitor segments which will be further investigated in
section 5.5 on page 105. Around 80% of the visitor population V is tracked over only one
calendar day, and practically none over more than ve days. Visitors to at least one closed
attraction (Vc) and those that did not visit any open attraction (Vc \ Vo) do not seem to de-
viate signicantly from this distribution. Several-day visitors that were identied as hotel
guests seem to cover a slightly higher number of calendar days than those that were not.
Please recall that we cannot state with certainty whether an individual did not stay at a
hotel because only a subset of hotels was covered by a Bluetooth sensor, so it is dicult
to explain this dierence directly. Concerning the hotel-based visitor segments, guests of
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the remote hotels cover slightly less calendar days, and hostel guests slightly more than on
average. More than 60% of the visitors sensu lato only visit one attraction. Those that visited
at least one closed attraction are more distributed towards a higher number of attractions.
Looking at the number of visited closed attractions, however, the share of visitors that only
visited one closed attraction is even higher (over 80%). Several-day visitors (both those iden-
tied as hotel guests and those that were not) visit a larger number of attractions when the
open attractions are included, but do not deviate signicantly from the general trend that
most visitors only visited one closed attraction. Remote hotel guests visit slightly less closed


























































































Figure 5.5: Cumulative relative frequency of the number of tracked calendar days (top), and absolute
relative frequency of the number of visited attractions (middle) and closed attractions (bottom).
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As a rst approach to investigating the degree of association between the dierent venues,
we also examine the degree of overlap in between the sets of visitors/guests of the dierent
locations as listed in gure 5.4 on page 101. These overlaps are again calculated by the
Jaccard index and are depicted in gure 5.6 for both the unltered and ltered sets. As
expected, the overlaps between the hotels is very low: tourists usually only stay at one hotel
during a visit. The remaining overlaps after ltering are mainly caused by geographical
proximity and guests of one hotel thus being mistakenly classied as guests of the other
(e.g. hotels h and k nearly face each other across the same street) . The open attractions,
and closed attractions 5 (‘Belfry’) and 7 (‘Castle of the Counts’) all show signicant mutual
overlaps. As can be seen in gure 5.1 on page 94, proximity is probably the most important
cause besides similarity in characteristics (all are historical buildings). The same eect also
explains the higher overlaps between the tourist inquiry desk and the open attractions in the
center, and the moderate overlaps with attractions 5–7. Outside of the center, attractions 10,
12 and 14 in the arts quarter also show signicant mutual overlaps. A deeper understanding
of the associations, however, will be mined for by the association rule learning method. In
the next section, we will outline its results.
Figure 5.6: Overlap between unltered (left) and ltered (right) device sets at hotels (a–n, top), and
the open and closed attractions and inquiry desk (1–14 + I , bottom). The numbers in the grid are the
Jaccard indices of each combination of device sets, and represent the degree of overlap (0: less than
one % overlap, 100: completely identical).
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5.5 Visit pattern mining
The degree of overlap between the dierent locations and their visitors discussed in the
previous section oers a rst insight into the degree of association between the dierent
attractions. To obtain a deeper understanding, however, a more thorough analysis is needed.
In this section, we will mine for association rules between the fourteen (open and closed)
attractions for the previously identied visitor segments. The mining process was described
in section 5.2.2 on page 95 (minimum support of 5 devices, minimum condence of 5%).
The subset of rules with only one item in the antecedent is visualized in their geographical
context, together with the share of visitors in the segment that visited each attraction, in a
‘visit pattern map’ as described in section 5.2.3 on page 96. For each segment, the top-20
of all association rules is additionally listed in a tabular fashion. The rest of this section is
divided into two parts. In section 5.5.1 we describe the patterns and their dierences found
going from the general set of visitors sensu lato V to the most specic segment of hotel
guests that visited at least one closed attraction and have a duration of visit of at least 1
day (Vc ∩ P>1d ∩ H). In section 5.5.2 on the following page, we investigate the potential
dierences in patterns for remote hotel guests, four-star hotel guests, and hostel guests.
5.5.1 Visitor segment exploration
Figure 5.7 on page 107 shows the visit pattern maps for the ve visitor segments going from
visitors sensu lato V , over Vc, Vc∩P1d, and Vc∩P>1d to Vc∩P>1d∩H . Table 5.3 on page 113
lists the top-20 of all rules (including those with more than one item in the antecedent)
for all these visitor segments. Looking at the share of visitors visiting each attraction
(proportionally-sized circles) on the visit pattern map for visitors sensu lato (V ), we clearly
observe a concentration of visits in the city center and its open attractions (attractions 1 and
2 each attract nearly 50% of the tracked population). Of the closed attractions, the ‘Castle of
the Counts’ (7) attracts the largest share of visitors (12%), followed by the ‘Belfry’ (5) with
6%. All other closed attractions, both in the center and more remote, attract signicantly
smaller shares — the largest being the museum of contemporary art (‘SMAK’, 12) which
attracts around 4% of the population. Concerning the rules for the visitors sensu lato (V )
segment, both the map and the top-20 show that all association rules with a high lift have
a very low support (the rule with the highest lift in the map is supported by only 1% of the
population, rules with more items in the top-20 have even lower supports). As previously
mentioned, visitors sensu lato represent a heterogeneous group of individuals — many of
which only visited one or more open attractions (gure 5.5 on page 103) on relatively short
trips. Despite low supports, the strong associations between the ‘SMAK’ museum (12) and
the museum of ne arts (10) and especially between the ‘SMAK’ museum and the ‘Saint Pe-
ter’s abbey’ (14) are noteworthy. Longer-distance associations have a low lift and support,
indicating that visitors seem to rarely combine in-center and out-of-center visits. The asso-
ciations between the open attractions logically have a larger support, but show lift values
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close to 1 suggesting that the associations are not signicantly stronger than expected.
With regard to the more specic visitor segments and starting by constraining to closed
attraction visitors (Vc), the associations between the three art museums in the south are no
longer the strongest in the set (although they still have lift values higher than 1). Instead,
the highest lift values are now found in the city center, especially between ‘Saint Nicholas’
Church’ (3), and the ‘Belfry’ (5) and ‘Saint Bavo’s Cathedral’ (2): for visitors that made at
least one conscious choice in visiting a closed attraction we nd a higher than expected
association between the attractions in the city center (lift>1).
Visitors sensu stricto that were only tracked on one calendar day (Vc ∩ P1d) show nearly
no association between attractions in the center and those outside of the center, revealing
they either visit one or the other.
Those that were tracked over several days (Vc ∩ P>1d) do show these associations as
they probably have more free time to cover these distances. Comparing these visitors to the
visitors sensu stricto in general (Vc), there are no clear dierences in both patterns for the
city center.
Finally, comparing identied hotel guests (Vc ∩ P>1d ∩H) with the general several day
visitors (Vc ∩ P>1d) some dierences between the patterns become visible. ‘Saint Peter’s
abbey’ looses its signicance, together with the associations between the art museums in the
south. In contrast, both the ‘House of Alijn’ (8) and the city museum of Ghent (‘STAM’, 13)
appear to gain in importance: both now show signicant (lift>1) and considerable (support
of almost 10%) associations. The lift of the association between the Museum of Industrial
Archeology and Textiles (‘MIAT’, 9) and attraction 1 also seems to have risen, but the support
of the rule is very low (3,5%, 7 tracked individuals).
5.5.2 Eect of hotel location and type
The potential eect of the hotel location and type is investigated by comparing the visit
patterns of four distinct segments of hotel guests: the general set of hotel guests that visited
at least one open/closed attraction (V ∩H), those that stayed at one of the four most remote
hotels (a, c, g or j; V ∩Hfar), those that stayed at one of the four 4-star hotels (V ∩H4∗), and
nally those that stayed in one of both hostels (V ∩Hhostel). The four corresponding visit
pattern maps are shown in Figure 5.8 on page 108. The top-20 of rules for each segment is
listed in table 5.4 on page 114. Remote hotel guests, who were already shown to signicantly
more often engage in one or more visits (table 5.2 on page 102), clearly show a preference for
the open attractions and the ‘Castle of the Counts’ (7) in the center. They rarely visit any of
the closed attractions further from the center, and associations besides those between open
attractions are rare. The 4-star hotel guests show a visit pattern that is almost identical to the
general visit pattern for hotel guests, which makes sense as they form the largest share of
hotel guests. Hostel guests, nally, show a pattern that bears some similarities to the remote
hotel guests. The museum of contemporary art (‘SMAK’, 12) seems to attract a signicantly
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Figure 5.7: Visit pattern maps for visitor segments V , Vc, Vc ∩ P1d, Vc ∩ P>1d, and Vc ∩ P>1d ∩H .
The size of each segment is given between brackets. The spatial distribution of visits is represented by
proportionally sized circles symbolizing the share of visitors in the segment visiting each attraction.
Two-element association rules are visualized as lines connecting the locations in the antecedent and
consequent. The support of a rule is symbolized by the width of the line, the lift by its color (as
shown by the bars above each map, classication was equal-range for lifts below 1 and according to
Jenks natural breaks above 1). Attractions far from the city center (depicted by the rectangle) are not
depicted on their actual geographical location in order to increase the legibility of the visualization.
larger share of these visitors (24% vs. 4% of the general hotel guest segment). It should be
noted, however, that the size of this last segment has become rather small, possibly limiting
the representativeness of the pattern it exhibits.
5.6 Discussion and conclusion
In this section, we will rst further interpret the ltering and mining processes and the
results that were generated from the dataset. Subsequently, we will discuss the current
and future potential of the presented methodology (Bluetooth tracking + association rule
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Figure 5.8: Visit pattern maps for visitor segments V ∩ H , V ∩ Hfar , V ∩ H4∗, and V ∩ Hhostel.
The size of each segment is given between brackets. The spatial distribution of visits is represented by
proportionally sized circles symbolizing the share of visitors in the segment visiting each attraction.
Two-element association rules are visualized as lines connecting the locations in the antecedent and
consequent. The support of a rule is symbolized by the width of the line, the lift by its color (as
shown by the bars above each map, classication was equal-range for lifts below 1 and according to
Jenks natural breaks above 1). Attractions far from the city center (depicted by the rectangle) are not
depicted on their actual geographical location in order to increase the legibility of the visualization.
learning) for tourism management purposes. We conclude with further avenues for future
research.
5.6.1 Further interpretation of ltering, mining and results
As in any knowledge discovery process, data mining techniques form only part of a chain of
subprocesses going from data to knowledge (Fayyad et al., 1996). As described in section 5.3
on page 97, the Bluetooth tracking data needed to undergo signicant preprocessing before
being able to function as an input for association rule learning. There are two main reasons
for the need for such an extensive ltering procedure. First, Bluetooth is a very popular and
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widely distributed technology available on a large variety of devices. Whereas phones can be
assumed to be linked to one individual each, other classes, such as carkits, cannot. Second,
the proximity of an individual to a place of interest cannot be directly associated with a
certain activity related to that location. This becomes clear in gure 5.4 on page 101, where
most sensors at both hotels and attractions clearly detected signicantly more Bluetooth
devices than predicted according to the actual guest/visitor counts and the detection ratio
of 8%. As can be seen in gure 5.3 on page 98, most hotels are associated with very short
detections indicated by the large decrease in ltered devices by choosing dv to a minimum
of one hour. A further constraint of this parameter to the heuristic interval between 8 hours
and 5 days leads to acceptable ltered sets, except for three hotels where a further constraint
had to be placed on dp. A similar trend, but with dierent constraints on dv , is visible for the
closed attractions. While it is impossible to statistically verify the accuracy of the applied
temporal ltering, gure 5.6 on page 104 at least gives an indication that most signicant
overlaps between hotels (where there should not be any) have decreased signicantly. The
overlaps that remain after ltering are mainly due to proximity (e.g. hotels h and k). The
uncertainty over whether a tracked individual actually visited an attraction and/or stayed
at a hotel could be addressed in future work by making the scanning of the device part of
the registration process.
Before we started mining for association rules, we performed an extensive data explo-
ration. Two hypotheses received special attention. First, the combination of open and closed
attractions was suspected to result in a heterogeneous group of ‘visitors’ because of the se-
mantic dierence between both types. Second, we needed to investigate the tendency of
individuals to visit more than one attraction over the fteen day tracking period before
looking at the specic associations. As was listed in table 5.2 on page 102, visitors sensu lato
show little overlap between visitors sensu stricto: only 36% of the former group also visit at
least one closed attraction, and only 16% combine both types. Figure 5.5 on page 103 showed
that only a small fraction of visitors combined more than one closed attraction, which would
certainly inuence the mining for association rules. Readers should bear in mind that f-
teen days is quite a short period for capturing combination preferences between museums
for visits that are not part of a chained trip of visits (e.g. for local residents), and that the
tracking period would ideally be composed of the entire touristic season. Where the mined
associations for these individuals would certainly be an underestimation and thus possibly
not representative, identied hotel guests ( tourists) can be assumed to perform visits that
form part of a trip. As such, this group (Vc ∩ P>1d ∩ H) received special attention in the
analyses.
Subsequently, the associations between the dierent open and closed attractions were
investigated through the application of the Apriori algorithm and the interpretation and
visualization of the extracted rules. Combining the exploratory ndings, we gradually re-
stricted the set of visitors sensu lato to individuals that visited at least one closed attraction
(as this indicates at least one conscious choice in their itinerary) and additionally to iden-
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tied hotel guests. Figure 5.7 on page 107 shows the resulting series of visit pattern maps.
Taking all visitors sensu lato as input, large but predictable associations in the center appear
next to very small but more interesting associations between the art-oriented attractions
in the ‘arts quarter’ of the study area. Constricting to visitors sensu stricto decreased this
conceptual dierence due to the lower frequency (higher lift) of the center based attractions
and the higher frequency (lower lift) of the art attractions. Several-day visitors clearly show
associations (though most of them are quite small) between the center and more remote
attractions, whereas single day visitors rarely combine both areas. The constrained set of
identied hotel guests, which could be argued to be the only representative pattern in the
series, shows some interesting dierences with the general several day visitor set (which
also includes individuals that did not stay overnight). The strong associations between the
art museums disappear together with the signicance of ‘Saint Peter’s abbey’ individually,
but two new locations appear in considerable associations with the open attractions in the
center: the city museum of Ghent (‘STAM’), and the ‘House of Alijn’. Subsequently, we in-
vestigated the additional dierences in visit patterns between remote hotel guests, four-star
hotel guests and hostel guests. Remote hotel guests show a very large preference in the open
attractions in the center and rarely venture further away, whereas hostel guests show a sim-
ilar pattern with the exception of a higher representation of the museum of contemporary
art (‘SMAK’). Four-star hotel guests followed the general pattern.
5.6.2 Potential of the employed methodology for tourism manage-
ment
The potential of Bluetooth tracking in tourism management practices was illustrated by ap-
plying an association rule learning scheme on the visits to dierent attractions in an urban
environment. In this specic case study, we focused on discovering interesting associations
as indicated by attractions appearing together more often than predicted by an indepen-
dent choice model. Such associations or the lack thereof can be used for a wide array of
purposes. Focusing on the attractions, existing associations could either be strengthened
or non-existent or weak associations could be created by applying specic promotional ad-
vertisements at each attraction, thereby urging visitors to visit other attractions as well. In
contrast, the focus could also lie on the tourist and discovered patterns could be used in
recommendation systems based on collaborative ltering. These recommendations could
be disseminated through the use of smartphones. In a long-term strategic context, pat-
tern maps such as those in gure 5.7 on page 107 could also be used by urban planners for
optimizing tourist accessibility and facilities. The three art museums in the south of the
study area (promoted as the ‘arts quarter’) can serve as an illustrative example. While they
do seem associated with each other mutually, our analysis has also pointed out that there
is little association with the attractions in the center. Planners could tackle this issue by
developing the necessary tourist facilities (e.g. hotels), improving the (visibility of) public
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transport options between both areas, or by designing a corridor to minimize the perceived
distance between the center and the ‘arts quarter’ (e.g. by improving pedestrian accessibil-
ity, creating more green and open spaces, etc.). The eectiveness of certain actions could
also be investigated by tracking during a period both before and after the action was taken.
5.6.3 Further issues surrounding the methodology
Three main issues can be identied with regard to the used methodology: (i) errors intro-
duced when using presence detections to deduce activities, (ii) potential bias in the tracked
sample introduced by using Bluetooth technology, and (iii) lack of any metadata on tracked
visitors due to the non-participatory nature of the methodology. We will shortly reect on
all of these issues.
Deducing activities from presence detections through sensors is a process which can es-
sentially be aected by two types of errors. The rst error could be labeled as false pres-
ence detections, where a sensor detects devices that do not physically enter a building or
approach a desk. Filtering procedures were able to remove most of this sensor noise but
further eorts are certainly warranted in order to calibrate the sensors thereby minimizing
false presence detections. The second type of error is due to actual presences not automat-
ically implying certain activities. In the context of this study, these could be caused by sta
members or inquirers. Filtering on common-sense thresholds for the duration of visit and
duration of presence, we were able to deduce acceptable device sets. A higher accuracy,
however, will somehow imply contacting individuals and registering the MAC address of
their device(s).
Second, it is possible that certain age segments, or one gender might have a higher us-
age rate of devices with a discoverable Bluetooth interface. Tourists might, for example,
preferentially opt to turn o their mobile phones in order not to be disturbed and thus be
under-represented. Despite the undeniable importance of these potential inuencing fac-
tors on any tourism management incentive, it falls outside of the scope of this research to
fully investigate this issue. As in any other tracking study, however, it is of vital importance
that more attention should be devoted to this question.
The lack of metadata, nally, can be interpreted as the downside of using a non-participa-
tory methodology. Instead of dealing participatory and non-participatory methodologies as
complete opposites, we argue that both methodologies might be combined. Alternatively,
ad-hoc sensing networks could be made semi-participatory by approaching and interview-
ing part of the tracked population. In our scenario, for example, individuals could be con-
tacted in the hotel where they are staying. Again, this fell outside of the current scope but




While we applied an association rule learning technique in this case study, other data mining
tasks could be used or combined for answering other or similar research questions as those
put forward in this chapter. If the order of visits were important for example, sequential
pattern mining techniques could be used. Clustering methods could segment tourists based
on their associations of visits. In addition, a second and longer period of tracking could serve
as a point of comparison with the patterns found during the fteen day tracking period of
this study. The visit pattern maps summarize a considerable amount of information in one
map, which possibly makes them challenging to interpret. User studies could clarify the
way in which people read the map (e.g. by eye-tracking procedures), and the provided
insights could be used to further ne-tune the visualization. The selective visualization of
2-item-rules causes some of the (potentially valuable) information contained within rules
with more items to be lost. How to eciently visualize these complex rules in a legible way
is saved for future work.
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Table 5.3: Top-20 (where applicable) of association rulesX ⇒ Y for visitor segments V , Vc, Vc∩P1d,
Vc ∩ P>1d, and Vc ∩ P1d ∩H . Rules were generated based on constraints on both support (sa ≥ 5)
and condence (c ≥ 0.05), and are sorted on their lift (l) value. The relative (sr) and absolute (sa)
support, as well as the condence (c) are also shown. Rules with only item in the antecedent (marked
in bold) are also visible in gure 5.7 on page 107.
V (5,891 devices) Vc(2,095 devices) Vc ∩ P1d (1,564 devices)
X Y sr sa c l X Y sr sa c l X Y sr sa c l
1 3,7,8 5 8.5E-04 5 0.63 10.40 2,5,7,8 3 2.4E-03 5 0.71 6.01 12,2 10 3.2E-03 5 0.50 4.80
2 2,3,7,8 5 8.5E-04 5 0.63 10.40 2,5,8 3 3.3E-03 7 0.64 5.35 1,5,7 3 5.8E-03 9 0.39 4.05
3 10,2,7 5 8.5E-04 5 0.56 9.25 10,5 3 2.4E-03 5 0.63 5.26 5,6 1 3.8E-03 6 0.75 3.83
4 10,7 5 8.5E-04 5 0.45 7.56 10,2,5 3 2.4E-03 5 0.63 5.26 1,2,5,7 3 5.1E-03 8 0.36 3.77
5 1,2,7,8 5 8.5E-04 5 0.45 7.56 1,2,5,8 3 2.4E-03 5 0.63 5.26 2,5,6 1 3.2E-03 5 0.71 3.65
6 12,2 10 1.4E-03 8 0.29 7.45 5,7,8 3 2.4E-03 5 0.56 4.67 10,2 3 5.8E-03 9 0.35 3.59
7 2,3,8 5 1.2E-03 7 0.44 7.28 1,5,8 3 2.4E-03 5 0.56 4.67 6,7 1 5.8E-03 9 0.69 3.54
8 1,7,8 5 1.0E-03 6 0.43 7.13 10,2,7 3 2.4E-03 5 0.56 4.67 1,2,5 3 1.5E-02 24 0.34 3.50
9 2,7,8 5 1.2E-03 7 0.41 6.85 1,2,7,8 3 2.9E-03 6 0.55 4.59 2,5 3 4.0E-02 62 0.34 3.49
10 3,8 5 1.2E-03 7 0.39 6.47 5,8 3 3.3E-03 7 0.54 4.53 2,6,7 1 3.8E-03 6 0.67 3.41
11 2,3,5,7 8 8.5E-04 5 0.15 6.47 1,2,5,7 3 1.1E-02 22 0.52 4.41 1,3,6 2 3.2E-03 5 1.00 3.37
12 1,3,8 5 8.5E-04 5 0.38 6.40 1,5,7 3 1.1E-02 23 0.52 4.40 1,5 3 1.8E-02 28 0.32 3.33
13 1,2,3,8 5 8.5E-04 5 0.38 6.40 2,7,8 3 3.8E-03 8 0.47 3.96 5,7 3 1.1E-02 17 0.31 3.26
14 3,5,8 7 8.5E-04 5 0.71 6.05 10,7 3 2.4E-03 5 0.45 3.82 5,7 2 3.3E-02 52 0.96 3.25
15 2,3,5,8 7 8.5E-04 5 0.71 6.05 3,7,8 5 2.4E-03 5 0.63 3.70 1,5,7 2 1.4E-02 22 0.96 3.22
16 3,5,7 8 8.5E-04 5 0.14 5.93 2,3,7,8 5 2.4E-03 5 0.63 3.70 3,5 2 4.0E-02 62 0.93 3.12
17 5,8 7 1.5E-03 9 0.69 5.87 5,7 3 1.7E-02 36 0.43 3.65 2,8 1 9.0E-03 14 0.61 3.11
18 14 12 6.1E-03 36 0.24 5.84 1,7,8 3 2.9E-03 6 0.43 3.61 1,2 3 3.5E-02 54 0.30 3.06
19 12 14 6.1E-03 36 0.15 5.84 2,5,7 3 1.6E-02 33 0.42 3.56 1,2,7 3 1.9E-02 29 0.29 3.03
20 1,5,7 8 1.0E-03 6 0.14 5.82 1,2,5 3 2.4E-02 50 0.42 3.51 10,3 2 5.8E-03 9 0.90 3.03
Vc ∩ P>1d (531 devices) Vc ∩ P>1d ∩H (196 devices)
X Y sr sa c l X Y sr sa c l
1 1,2,7,8 3 1.1E-02 6 0.75 4.06 1,7,8 3 2.6E-02 5 0.83 3.02
2 2,5,8 3 9.4E-03 5 0.71 3.87 1,5,7 3 2.6E-02 5 0.83 3.02
3 2,7,8 3 1.3E-02 7 0.70 3.79 1,2,7,8 3 2.6E-02 5 0.83 3.02
4 1,2,5,7 3 2.6E-02 14 0.70 3.79 1,2,5,7 3 2.6E-02 5 0.83 3.02
5 2,5,7 3 3.4E-02 18 0.69 3.75 5,7 3 4.1E-02 8 0.80 2.90
6 1,5,7 3 2.6E-02 14 0.67 3.61 2,5,7 3 4.1E-02 8 0.80 2.90
7 5,7 3 3.6E-02 19 0.66 3.55 7,8 3 3.1E-02 6 0.75 2.72
8 1,7,8 3 1.1E-02 6 0.60 3.25 2,7,8 3 3.1E-02 6 0.75 2.72
9 5,8 3 9.4E-03 5 0.56 3.01 12,2 3 3.1E-02 6 0.60 2.18
10 1,2,5 3 4.9E-02 26 0.53 2.88 2,5 3 1.1E-01 21 0.60 2.18
11 2,5 3 6.8E-02 36 0.53 2.87 1,3,7 8 2.6E-02 5 0.21 2.15
12 3,8 5 9.4E-03 5 0.45 2.51 1,2,3,7 8 2.6E-02 5 0.21 2.15
13 2,3,8 5 9.4E-03 5 0.45 2.51 2,3,7 8 3.1E-02 6 0.21 2.13
14 1,2,7 3 7.5E-02 40 0.45 2.46 2,3 5 1.1E-01 21 0.42 2.06
15 1,2,8 3 1.7E-02 9 0.45 2.44 1,2,3 8 3.6E-02 7 0.19 2.01
16 1,5 3 4.9E-02 26 0.45 2.43 3,7 8 3.1E-02 6 0.19 2.00
17 2,3 5 6.8E-02 36 0.42 2.34 1,3 8 3.6E-02 7 0.19 1.95
18 1,2,3 5 4.9E-02 26 0.42 2.32 5 3 1.1E-01 21 0.53 1.91
19 2,8 3 2.1E-02 11 0.42 2.29 3 5 1.1E-01 21 0.39 1.91
20 5,7 8 1.1E-02 6 0.21 2.29 1,2,5 3 6.1E-02 12 0.52 1.89
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Table 5.4: Top-20 (where applicable) of association rules X ⇒ Y for visitor segments V ∩H , V ∩
Hfar , V ∩H4∗, and V ∩Hhostel. Rules were generated based on constraints on both support (sa ≥ 5)
and condence (c ≥ 0.05), and are sorted on their lift (l) value. The relative (sr) and absolute (sa)
support, as well as the condence (c) are also shown. Rules with only item in the antecedent (marked
in bold) are also visible in gure 5.8 on page 108.
V ∩H (483 devices) V ∩Hfar (71 devices) V ∩H4∗ (249 devices)
X Y sr sa c l X Y sr sa c l X Y sr sa c l
1 1,3,7 8 1.00E-02 5 0.21 5.3 1,2 7 7.00E-02 5 0.21 1.48 1,3,7 8 2.00E-02 5 0.36 7.41
2 1,2,3,7 8 1.00E-02 5 0.21 5.3 3 2 2.10E-01 15 0.88 1.36 1,2,3,7 8 2.00E-02 5 0.36 7.41
3 2,3,7 8 1.20E-02 6 0.21 5.26 2 3 2.10E-01 15 0.33 1.36 2,3,7 8 2.40E-02 6 0.33 6.92
4 3,7 8 1.20E-02 6 0.19 4.92 1,3 2 9.90E-02 7 0.88 1.35 3,7 8 2.40E-02 6 0.32 6.55
5 2,5 8 1.00E-02 5 0.14 3.53 7 2 1.10E-01 8 0.8 1.23 1,2,7 8 2.00E-02 5 0.23 4.72
6 1,7,8 3 1.00E-02 5 0.83 3.53 2 7 1.10E-01 8 0.17 1.23 7,8 3 2.40E-02 6 1 4.61
7 1,5,7 3 1.00E-02 5 0.83 3.53 1,2 3 9.90E-02 7 0.29 1.22 1,7,8 3 2.00E-02 5 1 4.61
8 1,2,7,8 3 1.00E-02 5 0.83 3.53 1,7 2 7.00E-02 5 0.71 1.1 2,7,8 3 2.40E-02 6 1 4.61
9 1,2,5,7 3 1.00E-02 5 0.83 3.53 7 1 9.90E-02 7 0.7 1.08 1,2,7,8 3 2.00E-02 5 1 4.61
10 5,7 3 1.70E-02 8 0.8 3.39 1 7 9.90E-02 7 0.15 1.08 2,5 8 2.00E-02 5 0.22 4.51
11 2,5,7 3 1.70E-02 8 0.8 3.39 2,7 1 7.00E-02 5 0.63 0.96 1,2,3 8 2.80E-02 7 0.21 4.4
12 1,3,8 7 1.00E-02 5 0.71 3.35 1 2 3.40E-01 24 0.52 0.81 2,8 5 2.00E-02 5 0.45 4.19
13 1,2,3,8 7 1.00E-02 5 0.71 3.35 2 1 3.40E-01 24 0.52 0.81 1,3 8 2.80E-02 7 0.2 4.15
14 1,2,7 8 1.20E-02 6 0.13 3.25 3 1 1.10E-01 8 0.47 0.73 5,7 3 2.40E-02 6 0.86 3.95
15 2,8 5 1.00E-02 5 0.28 3.19 1 3 1.10E-01 8 0.17 0.73 2,5,7 3 2.40E-02 6 0.86 3.95
16 7,8 3 1.20E-02 6 0.75 3.18 2,3 1 9.90E-02 7 0.47 0.72 8 5 2.00E-02 5 0.42 3.84
17 2,7,8 3 1.20E-02 6 0.75 3.18 5 8 2.00E-02 5 0.19 3.84
18 2,3,7 5 1.70E-02 8 0.28 3.17 2,3 8 3.20E-02 8 0.17 3.61
19 3,8 7 1.20E-02 6 0.67 3.13 2,7 8 2.40E-02 6 0.17 3.56
20 2,3,8 7 1.20E-02 6 0.67 3.13 3,8 7 2.40E-02 6 0.75 3.4
V ∩Hhostel (25 devices)
X Y sr sa c l X Y sr sa c l X Y sr sa c l
1 1,2 5 1.20E-01 3 0.43 3.57
2 5 2 1.20E-01 3 1 2.08
3 2 5 1.20E-01 3 0.25 2.08
4 1,5 2 1.20E-01 3 1 2.08
5 5 1 1.20E-01 3 1 1.56
6 1 5 1.20E-01 3 0.19 1.56
7 2,5 1 1.20E-01 3 1 1.56
8 2 1 2.80E-01 7 0.58 0.91
9 1 2 2.80E-01 7 0.44 0.91
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Crowds and the movements of individuals constituting them hold an important relevance in
a variety of domains. Empirical movement data are generally considered to be of paramount
importance, both for direct analyses as well as the validation of simulation models. This
dissertation set o by focusing on the challenging nature of gathering such empirical data,
and how new developments such as the emergence of positioning technologies like GPS
oer new opportunities in comparison with conventional methodologies. Mobile phones
are increasingly considered as the main catalyst of this process. As they are in close contact
with their owners, they can be used as ‘proxies’ for measuring human movement. Gener-
ally, there are two established approaches for analyzing movement patterns through mobile
phones. The rst involves users actively sharing their (GPS-based) location through smart-
phone applications (e.g. Facebook, Foursquare, Twitter, Flickr). A second approach is to re-
construct phone movements from call records of mobile operators. This non-participatory
method (users are not involved nor aware of the experiment) seems better suited for study-
ing large groups of participants, but the spatiotemporal level of detail of the resulting tra-
jectories is usually insucient for smaller-scale movements.
Recently, it has been proposed that short-range wireless technologies, such as WiFi or
RFID but Bluetooth in particular, could be used in a manner which also allows to trace move-
ments of mobile phones (for example at mass events). More specically, trajectories can be
reconstructed by mapping detections of the same mobile device to dierent strategically
placed Bluetooth sensors through the device’s MAC address (which acts a unique identier
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of the device). This dissertation sought to build upon this new approach and its limited body
of academic literature to date. In doing so, the aim was to [i] further illustrate and docu-
ment the benets and issues of Bluetooth tracking at mass events; [ii] explore the potential
for applications outside the scope of mass events; and [iii] investigate the process of an-
alyzing Bluetooth tracking data and their specic characteristics. An application-oriented
approach was adopted, where all research questions were empirically addressed in dierent
case studies.
This concluding chapter starts by summarizing the main achievements reported in this
dissertation (section 6.1). This summary is followed by a discussion (section 6.2 on page 126)
reecting on the main contributions of the presented research (section 6.2.1 on page 126) and
the remaining issues that deserve further attention in the future (section 6.2.2 on page 129).
More specically, we discuss three important issues of Bluetooth tracking: the lack of at-
tributes on anonymous tracked individuals (section 6.2.2.1 on page 129), the representativity
of the tracked population (section 6.2.2.2 on page 130) and privacy issues (section 6.2.2.3 on
page 134). As a reference for discussing representativity, we will also shortly reect on our
rst experiences with ‘WiFi tracking’ — which is a similar methodology as Bluetooth track-
ing but based on detecting WiFi devices instead of Bluetooth devices. We end this chapter
with the main conclusions of the dissertation (section 6.3 on page 136).
6.1 Summary
Based on the scientic literature and the main objectives of the dissertation outlined in
the introduction, we distilled a research agenda composed of four research questions. This
section summarizes the main achievements of chapters 2–5 in addressing these research
questions, and of the GISMO toolkit presented in appendix A on page 141.
RQ 1: Which opportunities does Bluetooth tracking provide for studying spatiotemporal dy-
namics within crowds at mass events?
Due to its non-participatory nature, Bluetooth tracking seems particularly promising for
capturing the mobility of large crowds at mass events. Despite a limited number of docu-
mented use-cases (Larsen et al., 2013; Leitinger et al., 2010; Stange et al., 2011), the method-
ology remains relatively little-known and lacks a foundation of academic literature. Chap-
ter 2 on page 19 addressed the rst research question by illustrating the potential of Blue-
tooth tracking at the ‘Ghent Festivities 2010’ event, which attracted around 1.5 million vis-
itors over ten days. In contrast with existing literature, the chapter aimed to give a broad
overview of all analytical possibilities on Bluetooth tracking data instead of focusing on
one specic problem. We started by presenting the Bluetooth tracking methodology in de-
tail, focusing both on the working principle as well as on the hardware (sensors) deployed
during the experiment. By installing Bluetooth sensors at 22 locations (11 of which in-
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side the event zone; the others at points of entry, two train stations and a park&ride tram
stop) a large dataset was gathered which contained 152,487 trajectories of 80,828 mobile de-
vices (phones) detected within the connes of the event. The information potential residing
within the dataset was subsequently illustrated by performing dierent analyses.
First, we calculated that 11.0±1.8% of the public was detected through a Bluetooth device
by comparing detected devices with visual head counts at dierent locations. Through this
‘detection ratio’, we roughly estimated the total number of visitors at 1.4 million (minimum:
1.2 million, maximum: 1.7 million). This was in line with the expectations of the event orga-
nizers. By aggregating the data of dierent sensors located inside the event zone, we were
able to reconstruct the varying amount of visitors over time. Details such as crowded and
less crowded days, and dierent proles of crowdedness over time for the dierent days
were identied and interpreted. Additionally, a pattern was discovered where the crowd is
generally spread out over most of the center during the day but concentrates around one
square after midnight. Further analysis indicated that the majority (65%) of visitors were
one day visitors. The shares of several day visitors over the dierent squares separately
varied signicantly between 8% and 20%. We also detected visitors at both train stations
and the largest park&ride tram stop of the city. We deduced that the share of visitors that
took the train was more or less constant over the dierent days (5–6%), but that the share
of tram users varied more (3–7%). By detecting visitors at points of entry, we calculated
visit durations. The median value was around 3.5 hours, but the distribution showed a large
spread with a heavy tail towards longer visits (11% of the sample stayed for at least 7 hours).
A concise ow analysis revealed a typical pattern of crowd concentration after midnight,
followed by a general eux. The chapter was concluded with a discussion reecting on the
merits and remaining issues of the Bluetooth tracking methodology. The main identied
added value in comparison with conventional methodologies was its ubiquitous applica-
bility (indoor + outdoor), its relatively straightforward way of generating large mobility
datasets, and its non-participatory nature. However, important questions related to the rep-
resentativity of the sampled set of tracked individuals remained.
RQ 2: Can Bluetooth technology be used to count and map complex crowds dispersed over large
areas?
Where a crowd and its dynamics within the well-dened connes of an event can be mea-
sured through a distributed network of Bluetooth sensors, the approach of using static sen-
sors ultimately fails in studying crowds spread out over a large geographic extent. Chapter 3
on page 45 addressed this research question by studying the crowd of spectators at the ‘Tour
of Flanders 2011’ cycling race, which was spread out over a 257 kilometer long race track.
We employed a mobile mapping approach, where a mobile platform (car) equipped with two
Bluetooth sensors and preceding the racers between 3 and 6 minutes mapped the specta-
tors as it passed them by. A preliminary experiment indicated that the speed of the platform
negatively inuenced the detection process, but that class 1 Bluetooth sensors (the most sen-
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sitive class) did not miss any of the mobile devices on the side of the road on any run. During
the actual experiment, around 16,000 mobile phones were detected and mapped to positions
along the track. By dividing the trajectory into 1 kilometer long segments, we generated a
detailed map of the relative crowdedness along the race track where hotspots usually cor-
responded to slopes or cobblestoned segments. By visually counting spectators (through
a camera on the mobile platform) and comparing these counts with numbers of detected
Bluetooth devices, we estimated a detection ratio of 14.3±3.9% with outliers and 13.0±2.3%
without outliers. Through extrapolation based on these gures, we estimated the amount of
spectators over the entire trajectory and over the crowdiest segment. A subsequent analysis
did not provide indications of a direct inuence of the platform speed on a number of indica-
tors of the detection process, but the relatively low overlap (20–80%) between both sensors
on the mobile platform demonstrated the importance of the exact placement of sensors. The
relative standard error of 17.9% on the detection ratio was slightly higher than that cited for
estimations from photographic images±10% according to Watson and Yip (2011). The main
advantage of the demonstrated proof-of-concept over conventional methods, however, does
not solely lie in the accuracy of counting a crowd at a xed moment in time, but in the abil-
ity of automatically providing a view on the spatiotemporal evolution of crowds based on
individual trajectories.
RQ 3: How can a crowd’s movement within sensor locations be modeled?
This research questions stems from the spatiotemporally sparse or ‘episodic’ (Andrienko
et al., 2012) nature of Bluetooth tracking data. As devices are only detected at locations
where a sensor is present, trajectories are usually characterized by considerable periods of
time where the location is unknown due to the device being out of range of all sensors.
The potential path between these two locations, might, however be modeled. Chapter 4
on page 67 addresses this research question by linking with concepts from the eld of time
geography. Based on the space-time prism construct, a model for calculating the potential
co-presence of several moving objects over a network is developed. By limiting the devia-
tion from the shortest path between two sensor locations, the model constrains to feasible
co-presence opportunities. The model was applied to a Bluetooth tracking dataset contain-
ing trajectories of visitors of the ‘Ghent Light Festival 2012’, which showcased 29 artworks
along a ‘light trajectory’ for four days. By visualizing a time-series of the model output,
we were able to reconstruct the crowd ow over the entire study area despite only 25 Blue-
tooth sensors being deployed. Subsequently, the value of these maps of feasible co-presences
was discussed by reecting on the dierence between actual co-presence and potential co-
presence. As a concise rst validation of the model, the relationship between these two
variables was examined for two sensors used within the model and one sensor which was
not included in the model. The output of the model could be used as an indicator of potential
crowdedness, but further validation was identied as a key aspect of future work.
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RQ 4: What is the value of Bluetooth tracking outside of the context of mass events?
Where the previous research questions investigated crowds as spatiotemporally aggregated
groups, this research question broadened the focus to crowds as groups of individuals with
similar intentions. Chapter 5 on page 89 addressed the research question by translating it to
a tourism context. Over the course of two weeks in 2012, visitors to 14 of the most impor-
tant tourist attractions in Ghent were registered by Bluetooth sensors. Additionally, some
visitors were also identied as hotel guests by sensors deployed in 14 hotels in and around
the city and as inquirers by a sensor installed in the tourist inquiry desk. We rst demon-
strated that the deduction of activities (making a visit, staying at a hotel) from tracking data
requires an extensive ltering procedure in order to remove data noise. Subsequently, we
rst identied several visitor segments based on inter alia the dierence between visits to
open and closed attractions (the dierence being in the need for registration upon entering)
and the identication as a hotel guest. An association rule learning scheme was applied
to each of these dierent visitor segments in order to discover interesting associations be-
tween dierent attractions. The generated information was visualized by means of ‘visit
pattern maps’, which combined a geographical depiction of the discovered association rules
and the spatial distribution of visits over the dierent attractions. Despite the need for l-
tering and the limited tracking period, the combination of Bluetooth tracking and a data
mining technique such as association rule learning was able to generate valuable insights.
This knowledge could be used in the short term for strengthening existing or creating new
associations between dierent attractions by directed advertising, or in recommendation
systems based on collaborative ltering. In the longer term, visit pattern maps could help
urban planners in improving tourist facilities. The concluding discussion further reected
on the need for ltering, the unknown representativity of the data, and the lack of other
attributes of tracked individuals other than their location over time.
Due to the novelty of Bluetooth tracking, analysis of the resulting data is hampered by
a lack of specialized software. Existing tools and methods are ill-suited for analyzing Blue-
tooth tracking data due to their episodic nature (see also research question 3). Appendix A
on page 141 addressed this issue by presenting theGISMO toolkit, which was developed over
the last four years in order to process Bluetooth tracking data but can also handle other types
of episodic movement data. The dierent capabilities of the toolkit were illustrated by pre-
processing, analyzing and visualizing a tracking dataset gathered at a music festival. These
capabilities included making selections (based on device type, brand, spatial or spatiotem-
poral constraints), live data ltering, sampling of a variety of trajectory/device properties,
calculation of ows, and visualization through graphs or by exporting (time-aware) KML
les for further exploration in Google Earth. The toolkit’s main merit lies in assembling a
number of common procedures in preprocessing, selecting, transforming, analyzing and vi-
sualizing episodic proximity-based movement data — and in particular Bluetooth tracking
data — under one accessible user interface. Additionally, the toolkit served an important
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supportive role for this dissertation by being used for analyses in chapters 2, 4 and 5.
6.2 Discussion
The aim of this section is to critically reect upon the results presented throughout this
dissertation and summarized in the previous section. Doing so, it serves as a compilation
of the most important points addressed in the discussion sections of the separate chapters,
supplemented by additional global insights after four years of research and recent prelimi-
nary ndings which have not yet been published. We start by outlining the main scientic
contributions of the dissertation, and follow up by discussing the most important remaining
issues regarding the use of Bluetooth tracking data.
6.2.1 Main contributions
As discussed in the introduction, the application of Bluetooth technology for gathering mo-
bility data represents a very young eld of research. After the rst reported commercial
application in 2002 (by the Danish company Bluelon1, for calculating queuing times in air-
ports), it took a few years before academic interest started to surface. Where the rst ini-
tiatives mainly focused on participatory interaction modeling (Eagle and Pentland, 2005;
Hui et al., 2005), recent years have demonstrated a growing interest in using the technol-
ogy for the non-participatory tracking of large crowds at mass events (Larsen et al., 2013;
Leitinger et al., 2010; Stange et al., 2011). In parallel with these scientic investigations,
the methodology is gaining particular attention for its economical perspectives. A grow-
ing number of start-up companies use the approach to generate valuable knowledge from
mobility patterns in retail environments2. This rapid expansion of applications represents
a characteristic example of the way ICT, and more specically wireless and location-aware
technologies, are predicted to fundamentally change our world. Without going into details,
it is clear that Bluetooth tracking cannot be seen separately from the more general trend of
new paradigms in ICT-related research such as Ubiquitous Computing (Abowd and Mynatt,
2000), the Internet of Things (Atzori et al., 2010) and in particular Smart Cities (Schaers
et al., 2011).
In comparison to the rapid growth in commercial Bluetooth tracking solutions, the body
of scientic literature on the methodology and its use (in particular for pedestrian mobility)
remains rather limited. Most reported use-cases describe concise proof-of-concept demon-
strations (Leitinger et al., 2010; Stange et al., 2011), or use Bluetooth tracking data for per-
forming specic analyses (Larsen et al., 2013) or illustrating specic methods (Andrienko
et al., 2012). In contrast, chapter 3 on page 45 aimed to focus on the methodology itself
and give a comprehensive overview of its added value in the context of mass events. The
1www.bluelon.com
2BlipSystems, Renew-PresenceOrb, ShopperTrak, etc.
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main contribution of the case study at the ‘Ghent Festivities 2010’ — which, to the best
of our knowledge, represented the largest Bluetooth tracking experiment to that date — is
that it provided a complete image of the information potential by empirical analyses on the
gathered dataset. The approach was to describe the entire architecture (both hard- and soft-
ware) as well as the management and processing of the tracking data in such detail that the
methodology became more tangible to a general audience. This was a particularly relevant
aim as only few event organizers, in our own experience, are aware of the potential or even
the existence of Bluetooth tracking.
Where the contribution of this dissertation in the case of static sensors was to further sci-
entically establish an innovative yet existing practice, the mobile mapping of a dispersed
crowd with Bluetooth sensors presented in chapter 3 on page 45 is completely novel. To
the best of our knowledge, there have been no previous mobile mapping applications mak-
ing use of Bluetooth technology for studying crowds. The use of smartphones as wearable
Bluetooth sensors has very recently been documented at the Roskilde festival (Stopczynski
et al., 2013), but our mobile mapping approach diers in two important ways. First, it does
not require the active participation of festival visitors, which avoids the risk of heteroge-
neous data quality. Second, it uses high-quality Bluetooth sensors with external antennas
in comparison to the less sensitive sensors built into current smartphones. As a result, these
sensors can track individuals which are not in the immediate vicinity of the mobile platform
trajectory. As the mobile platform stayed relatively close to the cyclists, it can be expected
that the majority of spectators were detected. Nevertheless, people lining up next to the race
track after the mobile platform had passed (giving them between 3 to 6 minutes to see the
rst cyclists) were not detected. Other scenarios of crowds lacking a well-dened attractor
(in this case the cyclists) will necessitate additional mobile sensors deployed over the study
area. In case some zones would not be directly accessible to land-based platforms, airborne
platforms such as unmanned aerial vehicles (UAV) might be employed.
In chapter 4 on page 67, a model was developed for calculating the feasible co-presence op-
portunities of agents moving over a network and being detected at certain locations on this
network. The concept was subsequently applied to a Bluetooth tracking dataset gathered at
the ‘Ghent Light Festival’, and used to generate time-series of maps depicting the modeled
dispersion of the crowd in between sensor locations. By linking to the eld of time geog-
raphy, the model built on the growing body of research concerned with joint accessibility
(Miller, 2005; Neutens et al., 2008, 2007) and social interaction potential (Farber et al., 2013;
Neutens et al., 2013), and the increasing availability of toolkits and implementations for cal-
culating interaction spaces (Fang et al., 2011; Kang and Scott, 2007; Neutens et al., 2010).
Rather than introducing new theoretical concepts, the main novelty and contribution of the
chapter is in the use of interaction potential as an indicator of potential crowdedness and in
the application of time-geographical concepts to Bluetooth tracking data. The model’s util-
ity is not conned to Bluetooth tracking data as such, as it can handle any type of episodic
movement data (Andrienko et al., 2012). As these datasets will become more widespread due
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to the emergence of new approaches in mobility measurement, we envision a correspond-
ing growing interest in modeling movements and/or interactions in between sparse location
registrations. Mobile phone datasets (Blondel et al., 2010; Candia et al., 2008; González et al.,
2008) represent one such example where the model could open up a wide array of new an-
alytical possibilities. While it can be expected that the interpretability of the model output
will be less straightforward in scenarios with less coordination between individual move-
ments than in the case of the ‘Ghent Light Festival’, the application of the model in a broader
scope of scenarios is left for future work.
By shifting the focus to a tourism context in chapter 5 on page 89, we aimed to demon-
strate that Bluetooth tracking has applications besides those situated at mass events. The
chapter describes the very rst use of Bluetooth technology for tracking tourist movements,
illustrating the value of Bluetooth tracking as a methodological alternative to conventional
approaches such as the use of GPS technology (Shoval and Isaacson, 2009). We demon-
strated that the methodology holds particular promise for studying sub-regional movements
of large samples of individuals. An important distinction from the investigations in the pre-
vious chapters is that the basic unit of analysis was changed from presences to activities (in
this case performing a visit or staying at a hotel). Inferring of activities from Bluetooth prox-
imity detections at strategic locations holds great potential in further extending the range of
analytical possibilities. To the best of our knowledge, however, only one study has reported
such an approach. In the Roskilde festival, visitors were inferred to have attended a perfor-
mance when being detected a certain minimum number of times by a sensor near the stage
a band was playing on (Larsen et al., 2013). As described in chapter 5 on page 89, identifying
attraction visitors or hotel guests in a busy city is signicantly more challenging. Due to the
sensors being deployed in public spaces, there was a large amount of detected individuals
merely passing by sensor locations. The detailed description of the ltering process needed
to remove this data noise represents another important contribution of the chapter, although
dierent approaches might be used in the future. An association rule learning scheme was
applied to the ltered dataset, and the generated rules were geographically plotted on ‘visit
pattern maps’. These visit pattern maps represent a third signicant contribution in that
they summarize information which would otherwise be harder to interpret in the usual
tabular manner, and could therefore function as important documents for policy makers.
Besides the important role of facilitating analyses performed in Chapters 2, 4 and 5, the
main contribution of the GISMO toolkit presented in appendix A on page 141 is that it rep-
resents the rst toolkit specically tailored for analyzing (Bluetooth-based) episodic move-
ment data. Due to the growing importance of these movement data, toolkits such as GISMO
will become invaluable tools to academics and policy-makers. The user-friendly interface
might impose some limitations in comparison with more general analytical or data mining
solutions, but opens up Bluetooth tracking to a wider audience which might not be accus-
tomed to working with software characterized by steeper learning curves. The use of the
toolkit in ten Masters’ theses besides this dissertation (see table B.1 on page 167) can serve
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as a case in point.
6.2.2 Remaining issues
Over the course of the dierent studies reported in this dissertation, several issues of Blue-
tooth tracking and Bluetooth tracking data were identied which need further investigation.
This section reects on three of these issues which bear relevance over the entire scope of
the dissertation: the lack of attributes in Bluetooth tracking data, the representativeness of
Bluetooth tracking data with reference to the entire studied population, and privacy impli-
cations.
6.2.2.1 Lack of attributes in anonymous tracking data
As described in chapter 2 on page 19, Bluetooth tracking data are anonymous in the sense
that the only information on tracked individuals besides their location over time is the
unique hardware identier (MAC address) of the device they are carrying. The lack of any
other personal attributes such as gender, age, social background, etc. prohibits the testing
of hypotheses on why certain movements or activities are performed. The importance of
explaining variables becomes particularly relevant outside of the context of mass events.
Many studies on tourist spatiotemporal behavior, for example, make intensive use of de-
mographic or psychographic variables. Due to the lack of such variables, studies based on
Bluetooth tracking data alone are limited to observing certain behavior without the ability
of fully explaining it. Some of the patterns discovered in the case study of chapter 5 on
page 89, for example, could be caused by tourists with specic characteristics. Although
some assumptions could be made (e.g. tourists staying in hostels are younger than tourists
staying in four-star hotels), they would be hard to validate without further data on tracked
individuals. The need for making assumptions in certain analyses, in general, represents an
additional concern when working with anonymous data — further impeded by the lack of
an empirical foundation for validation of these assumptions. As a consequence, the assump-
tions made in this dissertation were often based on a combination of intuition, experience
(when working with the gathered data) and common sense.
So, the non-participatory approach in measuring the spatiotemporal behavior of individ-
uals oers clear advantages with regard to scalability but is limited in explaining individual
behavior. This is in sharp contrast with conventional methods directly approaching study
objects, which are usually rich in individual details but poor in coverage of the studied
population. As such, this contrast links to the traditional debate on the (in)compatibility of
qualitative and quantitative methods (Howe, 1988) and on the growing recognition that both
types of approaches should be combined (Fielding and Schreier, 2001). This recognition is
also crystallizing in the eld of pedestrian behavior monitoring (Millonig and Gartner, 2007).
Bluetooth tracking data could, for example, be combined with personal interviews. How
such a combination should be achieved is not immediately clear, however. First, interviews
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and the tracking data would be linked by registering the MAC address of interviewees. As
only a fraction of these interviewees will be detectable, a large number of interviews will
need to be performed in order to contact an acceptable number of tracked individuals. This
entails the risk of nullifying the main advantage of non-participatory tracking, namely its
less labor-intensive nature and its ability to scale well with crowd size. An appropriate bal-
ance will need to be found. Second, contacted individuals are usually not familiar with the
concept of Bluetooth tracking and might have reservations cooperating due to the poten-
tial privacy implications of linking personal data to their trajectories (see section 6.2.2.3 on
page 134). Third, there is a need for a quick and practical way of making an exact match
between an interviewee and the MAC address of his/her device. One approach could be
to check for the friendly name of the device, but these are by default set to general de-
scriptors of the device (usually the brand followed by the device type). Making the match
solely through proximity is problematic if the interview is taken in a public space containing
other detectable mobile devices. In sum, future experiments should further investigate how
to combine Bluetooth tracking with other qualitative methods.
6.2.2.2 Representativeness of Bluetooth tracking data
Besides impeding certain analyses, the lack of additional information on tracked individuals
makes it impossible to verify how representative Bluetooth tracking data are with regards to
the entire studied population. In this section, we critically reect on two dierent yet related
aspects of this representativeness: the detection ratio and the danger of self-selection bias.
Detection ratio The detection ratio represents the share of individuals in a crowd which
are detected through a mobile device. As it gives a rst rough idea of the representative-
ness of the gathered tracking data (a higher detection ratio will lower the risk of studying
unrepresentative subsets of individuals), this value has been calculated for several Blue-
tooth tracking projects over the last ve years. A number of counting methods have been
used over the years: manual counting (on the eld), using optical barriers, and using video
imagery (both manually and automatically). The overview given in gure 6.1 on the next
page hints at an important trend where it seems that the Bluetooth detection ratio has pro-
gressively decreased from around 10% in 2009–2010 to between 5 and 10% in 2013. Besides
the detection ratios, we have also shown the relative standard errors (RSE) associated with
the detection ratios. These represent the relative amount of variance around the calculated
mean, and as such reect the error made when extrapolating numbers of detected devices to
actual crowd counts. At rst sight, it might seem counter-intuitive that detection ratios cal-
culated from larger samples lead to larger RSE values. However, relative standard errors of
samples with similar standard deviations increase with decreasing mean values. Addition-
ally, the two detection ratios with the largest sample sizes were based on automatic people
counting systems which functioned for ten days and provided detection ratio estimations
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Figure 6.1: Overview of Bluetooth detection ratios calculated over the last ve years. Circles represent
the mean values, horizontal bars the standard deviations, and labels above the circles the sample sizes
(i.e. the number of periods over which counts were made). The relative standard errors (RSE) were
calculated by dividing the standard deviations by the mean values, and represent the relative accuracy
when using a detection ratio for extrapolating to actual crowd size. Also included are the used people
counting methods. The automatic video counts during the ‘Ghent Festivities 2013’ were calculated by
a video processing algorithm developed by ViNotion (www.vinotion.nl).
In order to get a better insight in the spatiotemporal variability of Bluetooth detection ra-
tios, we continue by examining the two samples collected by the automatic people counting
systems during the ‘Ghent Festivities 2013’ event. Figure 6.2 on the following page shows
the individual detection ratios for each hour. Although the absolute dierences are not that
large, the Bluetooth detection ratio at the location ‘Predikherenlei’ seems to follow a distinct
pattern over the time of day with slightly lower values early in the morning. The detection
ratios at the location ‘Jan Breydelstraat’ are characterized by a larger amount of scatter,
but also show signs of a similar pattern. Additionally, the detection ratio on average — as
shown in gure 6.2 on the next page — is also larger at this last location. Further research
is necessary into interpreting the dierences in average values and patterns between both
locations, but it is clear that short-term variations of the Bluetooth detection ratio exist and
that future research should take these into account. One important implication is that future
crowd size estimations should be based on time-dependent detection ratios instead of one
average detection ratio in order to further increase accuracy.
Self-selection bias Besides the general detection ratio, it is also important to investigate
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Figure 6.2: Bluetooth detection ratios versus the time of day for two locations during the ‘Ghent Fes-
tivities 2013’ event: ‘Predikherenlei’ (left) and ‘Jan Breydelstraat’ (right). Each circle represents the
ratio of the number of individuals detected by an automatic people counting system and the number
of detected Bluetooth devices over a time period of one hour. The lines represent best-tting curves
through the point clouds based on a LOESS smoother (Cleveland and Devlin, 1988). Data points asso-
ciated with time periods where less than 50 people were counted by the camera system over one hour
were discarded.
certain personal characteristics might, for example, be more likely to carry devices which
are detectable and thus be over-represented in the movement datasets. The clear pattern
in short-term variations of the Bluetooth detection at the location ‘Predikherenlei’ shown
in gure 6.2 provide a rst hint that such a self-selection might be possible due to dier-
ent audiences passing the sensor location at dierent moments of the day. In order to gain
a direct insight into the degree of self-selection bias, however, we conducted personal in-
terviews during and after the ‘Ghent Festivities’ event in 2013. This survey sought to in-
vestigate the degree in which the detectability of individuals through either Bluetooth or
WiFi technology might be related to certain personal characteristics. It must be stressed,
however, that this only represents a rst attempt in trying to discover and interpret certain
trends, and that further research is necessary to validate ndings. In total, 243 persons were
polled for general personal characteristics (such as age and gender). In parallel, we checked
whether the 256 mobile devices they were carrying were detectable through Bluetooth or
WiFi technology. After removal of cases where persons opted out during the interview or
where detectability could not be determined with certainty, 202 persons with 211 devices
remained for Bluetooth and 222 persons with 235 devices for WiFi.
As a rst exploration into self-selection bias, we investigated the eect of gender and age.
Figure 6.3 on the next page gives a strong indication that gender is indeed related to both
Bluetooth and WiFi detectability, where in both cases men are more often detectable. The
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dierence between men and women is somewhat less pronounced for Bluetooth (16% vs.
10%) than for WiFi (27% vs. 16%). As shown in gure 6.4 on the following page, age seems
to have an even more pronounced eect on detectability, where Bluetooth-detectable indi-




































































Figure 6.3: Relationship between gender and Bluetooth/WiFi detection ratio. Horizontal dashed lines
represent the mean Bluetooth and WiFi detection ratios over all respondents.
Next, we looked at the combined inuence of gender and age. The pattern for male re-
spondents in gure 6.5 on page 135 more or less corresponds to the general pattern for age
visible in gure 6.4 on the following page. All women over the age of 40 in the survey are
not detectable, however. While relatively few women in these age classes were interviewed,
this dierence is still remarkable and should be further investigated in the future.
Although these preliminary ndings suggest signicant self-selection bias in both gender
and age, it should be clear that they need to be conrmed by future surveys with a better
distribution of respondents over both (and other) variables. Because of the rapid evolu-
tions in the distribution of wireless technologies, systematic and repeated surveys should
also investigate longer-term temporal variations. In case of Bluetooth, for example, it is
not entirely clear whether the technology will continue to spread or diminish. Where al-
ternative technologies such as near eld communication (NFC) might cause a downward
trend, the Bluetooth Low Energy (BLE) protocol might signal a further growth (although
the dierences in the detection process between this new protocol and the currently used
protocol are not yet clear). Signicant spatial variability can also be expected, e.g. between




















































































Figure 6.4: Relationship between age and Bluetooth/WiFi detection ratio. Horizontal dashed lines
represent the mean Bluetooth and WiFi detection ratios over all respondents.
internet usage (Rice and Katz, 2003; Warf, 2001). This is especially relevant in the context
of this specic dissertation as all tracking projects were based in Belgium.
6.2.2.3 Privacy
The aim of this section is to provide a general reection on location privacy issues, how they
apply to Bluetooth tracking, and how our modus operandi tries to mitigate most of these
risks. Where privacy used to deal with largely static data in the past, there are growing con-
cerns on the rapid proliferation of location-based personal data due to the increasing use
of location-aware applications (Beresford and Stajano, 2003; Tsai et al., 2009). As legislators
are trying to cope with this rapid development, the legal framework surrounding location
privacy is getting increasingly fragmented (Cuijpers and Koops, 2010). Additionally, rela-
tively little attention has gone to the privacy implications of the passive and network-based
tracking of mobile devices through ad-hoc sensor deployments (including but not limited
to Bluetooth tracking) in comparison to, for example, similar approaches based on data of
mobile operators (Green and Smith, 2003) or active handset-based positioning in location-
based services (Cuijpers and Pekárek, 2011). As a result, there is no clear legal framework
which applies specically to Bluetooth tracking.
In Belgium, where all tracking projects were based, the legality of the methodology ul-
timately revolves around tracking data being classied as personal data or not3. As Blue-
tooth MAC addresses cannot be directly linked to identiable individuals, they are not to

































































































































































Figure 6.5: Relationship between the combination of age and gender and Bluetooth/WiFi detection
ratio. Horizontal dashed lines represent the mean Bluetooth and WiFi detection ratios over all respon-
dents.
be considered as personal data. However, it should be noted that this link could be made
indirectly (Kostakos and O’Neill, 2008; Wong and Stajano, 2005). Two approaches are, at
least in theory, possible. First, individuals could be visually identied when passing a sen-
sor location thus making it possible to link that individual with the MAC address of his/her
mobile device. The low probability of that individual carrying a detectable device, and the
labor-intensive nature make this approach less feasible on a larger scale. A second and more
comprehensive method is to link MAC addresses with personal information of mobile oper-
ators. Technically, this could be done by joining databases of mobile phone manufacturers —
linking MAC addresses to IMEI (International Mobile Equipment Identity) numbers — with
those of mobile operators — linking IMEI numbers to IMSI (International Mobile Subscriber
Identity) numbers which reside on the SIM card. While theoretically possible, this would
involve multiple breaches in the security layer of both manufacturers and operators. In sum,
these approaches are technically possible but rather unrealistic.
Because Bluetooth tracking is situated in a legal ‘grey zone’, it is worthwhile to take a
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closer look at the ethical aspects surrounding the methodology. For instance, several pre-
cautionary measures have been taken throughout the last ve years in order to further
reduce the risk of privacy infringements. First of all, Bluetooth scanners are installed out
of reach of the tracked public which reduces the risk of theft and data extraction. Data sent
over the internet is encrypted. The friendly names, which could contain personal informa-
tion, were never recorded nor registered. Although it is impossible to contact every tracked
individual to ask for his/her consent, we have always worked under the consent of the event
organizers. Additionally, we have always strived for transparency by reaching out to the
general audience through press appearances and scientic expositions. Analyses were al-
ways performed on an aggregate level. Finally, all projects had a purely scientic purpose.
Although this might not seem an important factor in the assessment of privacy risks at rst,
a survey taken in 2012 (Baeyens, 2012) (N=1,246) clearly revealed a gap in public acceptance
of Bluetooth tracking for scientic versus commercial incentives (75% vs. 17% acceptance)
and for the application of the methodology for crowd-management or marketing purposes
(83% vs. 13% acceptance). This low acceptance for commercial purposes has very recently
again been demonstrated by a number of applications based on Bluetooth (and/or WiFi)
tracking causing signicant public commotion. It only took four days, for example, for an
experiment with recycling bins capable of Bluetooth tracking in London to be halted after it
was reported by the online magazine Quartz (Datoo, 2013). Future science, technology and
society (STS) studies should further investigate the opinions towards new methodologies
such as Bluetooth tracking, and how they are possibly inuenced by personal factors (age,
gender, ethnic background, etc.).
6.3 Conclusions
This dissertation revolved around the study of crowds and their inherently dynamic char-
acter. This line of inquiry has traditionally been confronted with a lack of empirical data
upon which models and theories could be grounded. In recent years, however, several new
methodologies based on the use of mobile phones have been proposed as alternatives for a
direct observation of crowd movements. Despite their rather recent introduction, the partic-
ipatory use of GPS technology and (to a lesser extent) the non-participatory reconstruction
of mobility traces through records of mobile phone operators represent two scientically
established methodologies. In contrast, the later proposal of using ad-hoc deployments of
sensors based on short-range wireless technologies for the non-participatory tracking of
small-scale movements of mobile devices currently lacks a comprehensive academic founda-
tion. By studying the use of Bluetooth technology in tracking crowds (‘Bluetooth tracking’),
this dissertation aimed to contribute to building such a foundation.
By investigating and amply illustrating the use of Bluetooth tracking for studying crowds
— both through the use of static (Chapter 2) as well as mobile (Chapter 3) sensors — this
dissertation set out by focusing on the context of mass events. These contributions allowed
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readers to get a more comprehensive and tangible view of the methodology in comparison
with the slim body of literature to date. A special focus was also given to the spatiotempo-
rally sparse or ‘episodic’ nature of Bluetooth tracking data trajectories. The model developed
in Chapter 4, which was used for calculating the potential movement of a crowd in between
sensor locations, represented a rst attempt at adapting traditional paradigms and methods
which usually consider trajectories with xed sampling frequencies. As such, the model’s
application is not limited to Bluetooth tracking data alone but spans the entire range of
methodologies which gather similarly structured movement data. The case study on tourist
behavior in Chapter 5 sought to demonstrate that Bluetooth tracking is not limited to study-
ing crowds at mass events, but can also be used for studying more general groups of individ-
uals with similar intentions. The lack of explaining socio-economic or psychographic vari-
ables in the tracking data did, however, necessitate a shift from a hypothesis-based analysis
to a data-mining approach with no a-priori assumptions. Despite the short tracking period
and the need for an extensive ltering procedure, the association rule learning scheme was
able to discover interesting patterns which are potentially valuable for improving tourism
management practices. Appendix A was nally dedicated to the GISMO toolkit which was
developed for analyzing the Bluetooth tracking data which were gathered in the dierent
case studies. Besides playing an instrumental role in the realization of this dissertation, the
toolkit also represents the rst comprehensive software implementation dedicated to the
analysis of episodic movement data.
The ensuing discussion reected on a selection of important issues which require further
attention in the future. A deeper interpretation of crowd behavior will rst of all neces-
sitate the combination of Bluetooth tracking with approaches polling for personal back-
grounds and motivations of tracked individuals. How this combination should be realized
is still unclear, however. A closer look at the detection ratio then demonstrated that the
share of individuals detectable through a Bluetooth device seems to be decreasing. To cope
with this issue, future tracking approaches should probably include other wireless technolo-
gies than Bluetooth alone (most notably WiFi technology). Preliminary results from a sur-
vey performed in the summer of 2013 additionally indicated that the detectability through
both Bluetooth and WiFi technology seems to be related to personal characteristics such
as gender and age. This resulted in a self-selection bias where certain groups are over- or
under-represented. More specically, both technologies seemed to exhibit a bias of men
over women, Bluetooth technology seemed to reach an older crowd than WiFi technology,
and women over the age of 40 seemed to be missing. Further studies should take a closer
look at this self-selection bias and propose ways of mitigating its eect.
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A
GISMO: a Geographical Information
System for the analysis of Moving Objects
based on episodic proximity-based sensor
tracking data
Versichele, M., Neutens, T., Moerman, I., Van de Weghe, N.
Abstract In this chapter, we advocate the need for further attention to episodic movement
data. We rst focus on the spatiotemporal sparseness of this movement data type, and demon-
strate its growing importance in empirical mobility studies. More specically, we focus on track-
ing methodologies that use ad-hoc sensor networks for proximity-based location registrations
of mobile devices. A toolkit — called GISMO — for the analysis of such data is presented, and
an overview of its main capabilities (preprocessing, transformation, selection, visualization) is
given by a case study using a tracking dataset. Although the software has been originally con-
ceived for Bluetooth tracking data, any kind of proximity-based dataset can be used as long as




Human mobility on dierent spatial and temporal scales plays a pivotal role in many pro-
cesses taking place in our environment. The increasing inter-connectedness of our glob-
alized world poses signicant challenges in dierent contexts such as the sustainable or-
ganization of urban expansion (Camagni et al., 2002) or the mitigation of global epidemics
(Hufnagel et al., 2004). The traditional way of measuring human movement through direct
visual observation or questionnaires is ill suited for such large-scale processes, but objects
that are somehow associated with or carried around by persons are often easier to measure.
Several of these ‘proxies’ for human movement have already been studied, including one-
dollar bank notes (Brockmann et al., 2006) and public transit smart cards (Pelletier et al.,
2011). Tourist movements, in particular, are sometimes studied by distributing GPS (global
positioning system) logging devices for the duration of their visit (Shoval and Isaacson,
2007). It is the use of mobile phones, however, that is starting to truly revolutionize the eld
as they are equipped with a wide variety of (location-aware) technologies, and are often in
close contact with their owners.
Digital traces left behind by mobile phone users that can be mined for interesting knowl-
edge can either be of a voluntary or involuntary nature. Voluntary traces include geo-tagged
pictures (Girardin and Calabrese, 2008; Jankowski et al., 2010) and data from location shar-
ing services such as Foursquare (Cheng et al., 2011). Involuntary traces can be contained,
for instance, in call logs of mobile phone operators. In contrast to voluntary traces, such
datasets are not aected by a potentially large variability in user commitment. As a result,
a growing number of studies has utilized these types of datasets (Ahas et al., 2008; Candia
et al., 2008; González et al., 2008). In order to avoid any potential privacy infringements,
these datasets have always rst undergone a thorough anonymization process. The poten-
tially complicated cooperation with mobile operators and the limited positional accuracy
for smaller-scale studies (Ahas et al., 2007) has, however, caused some researchers to adopt
an alternative approach in which an ad-hoc network of sensors at strategic locations is used
to measure movements in between these locations.
Bluetooth, in particular, has already been used as such an ad-hoc sensing technology for
various purposes including mass-event crowd analyses (Delafontaine et al., 2012; Larsen
et al., 2013; Stange et al., 2011; Versichele et al., 2012a,b), travel time measurements along
highways (Haghani et al., 2009), transit time measurements in airports (Hainen et al., 2013),
and urban design studies (O’Neill et al., 2006). Some of the advantages of the technology
include its ubiquitous applicability (indoor and outdoor, all weather and lighting conditions,
etc.), its ability to track movements without the direct involvement of the tracked individual,
and the relatively low cost of the necessary hardware (Versichele et al., 2012a). Recently, a
similar ad-hoc and unobtrusive methodology but based on WiFi technology has also been
proposed (Bonné et al., 2013), while large public local area networks can also be mined for
digital traces left behind by mobile devices connecting to several access points (Ojala et al.,
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2005). In parallel to these trends, considerable research eorts have also gone to indoor
localization methodologies using WiFi (Mazuelas et al., 2009; Vanheel et al., 2011, 2013)
or Bluetooth (Zhou and Pollard, 2006) signal strengths. In the remainder of this chapter,
however, we will focus on a system where signal strengths are not used for localization.
Regardless of the dierences in technology or deployment, the previously mentioned
network-based tracking methodologies (either through an existing or ad-hoc infrastructure)
generate a type of movement data with signicantly dierent characteristics compared to
more common GPS-based trajectories. Most importantly, the tracking data is spatiotempo-
rally sparse. In the spatial dimension this is evident for ad-hoc deployments as trajecto-
ries are constrained to moves in between sensor locations. Despite the larger coverage of
existing mobile phone infrastructure, the recorded locations are usually also restricted to
the exact locations of the cell-towers the phone is connected to. For ad-hoc deployments,
this proximity-based positioning (Bensky, 2007) automatically causes an additional tempo-
ral sparseness as devices that are in between sensor ranges are not detected. Mobile phone
records are usually further constrained by (cell-tower) locations only being registered when
performing an activity such as making a phone call or sending a text message. The growing
importance of such data, which are known in literature as episodic movement data (An-
drienko et al., 2012), constitutes a challenge for traditional methods or toolkits as they are
usually built on the notion of spatiotemporally continuous GPS-like trajectories. Addition-
ally, the data type is not limited to network-based tracking methodologies as such, because
GPS trajectories are sometimes generalized (e.g. for handling privacy issues) leading to a
data structure which is in essence also episodic (Monreale and Andrienko, 2010).
This chapter does not seek to argue that the analysis of episodic movement data is an
insurmountable challenge. Rather, we do believe that that there currently is a shortage of
user-friendly software for analyzing this specic data type. While episodic movement data
bear some resemblances to space-time paths as conceptualized in the eld of time geography
(Hägerstrand, 1970), these paths are only sparse in the temporal dimension. Additionally,
toolkits analyzing these paths usually focus on the calculation of space-time accessibility
measures (Neutens et al., 2010; Shaw and Yu, 2009; Shaw et al., 2008; Yu and Shaw, 2008)
and were not specically tailored to perform any other tasks. Visual analytics and data
mining methods, on the other hand, have already been applied to episodic movement data
(Andrienko et al., 2012; Stange et al., 2011), but they have yet to be collectively implemented
in one toolkit and are usually restricted to the steps of ‘data mining’ and ‘interpretation’
and ‘evaluation’ as represented in the traditional knowledge discovery in databases (KDD)
process (Fayyad et al., 1996).
The aim of this chapter is to present a toolkit — named GISMO — that is specically
designed to analyze episodic movement data, oering all commonly used steps in the KDD
process including lower-level tasks, such as preprocessing, selection and transformation,
but also visualization options under one user-friendly graphical user interface (GUI). Data
mining tasks are not part of its scope, but the output of the toolkit can be used by the many
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data-mining options available right now such asWEKA (Witten et al., 2010), Orange (Demšar
et al., 2004), or R (Ihaka and Gentleman, 1996). The presented toolkit was developed for use
with Bluetooth tracking data, but in principle any episodic dataset can be used as long as
it is in the correct format. We will illustrate the toolkit’s main capabilities by analyzing a
Bluetooth tracking dataset gathered at a music festival.
The remainder of the chapter rst presents some more details on the Bluetooth track-
ing methodology and the Bluetooth tracking dataset in section A.2. The overview of the
toolkit in section A.3 on the facing page starts with an explanation of its graphical user in-
terface in section A.3.1 on the next page. Subsequently, we analyze the data in section A.3.2
on page 149. The chapter concludes with some nal remarks in section A.4 on page 159,
focusing on the merits of the toolkit as well as on its limitations.
A.2 Bluetooth tracking methodology and dataset
Bluetooth tracking is a methodology in which embedded computers equipped with Blue-
tooth sensors are used to track devices with a visible Bluetooth interface. The strategic
placement of these sensors can generate informative trajectories, which can be analyzed for
dierent purposes. In brief, the discovery process starts with an inquiry by the sensor, which
is responded to by devices within the detection range that have their Bluetooth interface set
to ‘discoverable’. The inquiries (which by default take 10.24 seconds) are continuously re-
peated, and all responses are logged by the computer to which the sensor is connected.
Because devices are repeatedly detected as long as they are in the detection range, detec-
tions are converted to detection intervals on the y by using a buer time under which
subsequent detections of the same device are converted to a time interval. The buer time
is also set to 10.24 seconds. More details on the methodology and this conversion process
can be found in (Versichele et al., 2012a).
The resulting dataset consists of log les containing episodic detection data with the fol-
lowing comma-separated format: detection timestamp, MAC address, class of device, ‘in’/‘out’/
‘pass’. The MAC address represents a 48-bit unique hardware identier of the mobile de-
vice. The rst 24 bits identify the manufacturer of the device, so we can deduce the brand
of the detected devices. The class of device code can be used to deduce the type of device
and its services according to the Bluetooth protocol. Finally, ‘in’ represents the start of a
detection episode, ‘out’ the end of a detection episode, and ‘pass’ a solitary detection with
no previous or subsequent detections within 10.24 seconds. The dataset that will be used
to demonstrate the GISMO toolkit was gathered at a three-day music festival in 2012 that
attracted over 60,000 visitors per day. Fifteen locations (eight stages, ve corridors between
the stages, the entrance and the backstage restaurant for the festival crew) were covered by
a Bluetooth sensor (see gure A.16 on page 158 for a reference). The fteen log les together
contained 2,802,336 log lines.
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A.3 Overview of the GISMO toolkit
In this section, we will present an overview of the GISMO toolkit. The toolkit was developed
in the Java programming language, making it cross-platform. All analyses were done on a
non-dedicated system with a 2.66 Ghz Intel Core 2 Duo CPU and 8 Gb of internal memory.
The operating system was Mac OS X 10.7.5, and the JRE (Java Runtime Environment) was
Java SE 6. We will begin by explaining the toolkit’s graphical user interface (GUI), and con-
tinue by outlining some of its capabilities by importing, preprocessing and analyzing the
Bluetooth tracking dataset presented in section A.2 on the preceding page. For the sake of
clarity, we will format terminology related to the toolkit in italics. Labels depicted in the
gures are surrounded by single brackets. The graphical user interface of GISMO consists
of three separate panels and a menu- and toolbar on top, as shown in gure A.1 on the fol-
lowing page and gure A.2 on page 147. The lower panel is a status panel giving indications
of the program’s progress. The left panel contains a tree structure labeled the ‘Projects’
tree, which contains all projects the user is working on. Each project consists of some (core)
data objects, such as sensors, detected Bluetooth devices and trajectories. Additionally, the
user can generate metadata which represents the output of certain algorithms applied to the
data (section A.3.2 on page 149). The right panel is subdivided into two smaller subpanels.
The upper subpanel reveals a tabular structure when selecting appropriate objects in the
‘Projects’ tree. The lower subpanel lists more general and aggregated information on the
selected objects. We will now import and preprocess the Bluetooth tracking dataset.
A.3.1 Importing and preprocessing
The log les of the dataset — formatted as described in section A.2 on the preceding page
— can be directly imported in the GISMO environment, as shown in gure A.1a on the
following page. Once the import is done, the dierent GUI components are populated with
the information linked to the selection made in the ‘Projects’ tree. Figure A.1b on the next
page shows which information is listed when the newly created project is selected. We can
see that the dataset consists of 17,384 unique Bluetooth devices that were detected over
1,712,989 times (‘sightings’) by the fteen deployed sensors, and that the data spans ten
days. After renaming the project (in our case to ‘Festival’) and drilling down the ‘Sensors’
folder, the GUI shows information linked to the selected sensor (gure A.2a on page 147).
The sensor at the entrance, for example, detected 8,172 devices over 128,677 intervals and
was set up on the 15th of August. Additionally, the geographical coordinates of all sensors
can be set for further visualization purposes. Further down the tree, there is a folder labeled
‘Moving objects’ that contains a node for each detected Bluetooth device in the dataset.
Selecting such a device lists the time-ordered detections associated with it in the upper
right panel, as shown in gure A.2b on page 147. The lower panel reveals that the selected
device is a Nokia smartphone that was rst detected at the entrance and subsequently over





Figure A.1: Overview of the GISMO graphical user interface showing the import of the raw log les
(a), and the project properties (b).
has a camera (indicated by the ‘capturing’ service).
At this stage, each device is associated with one trajectory depicted by a child node of
the device node in the ‘Projects’ tree and carrying the name of the device’s MAC address
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(a)
(b)
Figure A.2: Overview of the GISMO graphical user interface showing the sensor properties (a) and
the detections associated with one Bluetooth device after import (b).
followed by ‘_1’. This trajectory contains all detections of the device. For some analyses, it
makes more sense to split trajectories when a long time passes between two subsequent de-
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tections. In the context of the festival, this could be between a last detection at the entrance
upon exiting the festival area after midnight and a subsequent detection at the entrance
upon entering the festival area the next day. In GISMO, trajectories can be split using a
maximum gap in seconds parameter. This way, trajectories will be split at all gaps with a
duration longer than this parameter. The process and its eect is visible in gure A.3, where
the selected device is now associated with three trajectories after setting the parameter to
18,000 seconds (5 hours).
Figure A.3: Splitting of trajectories according to the maximum gap in seconds parameter.
As can be seen in gure A.1a on page 146, the project is currently classied under the
‘in memory’ branch. This means that all operations on the data are lost when the program
quits. In order to avoid this, we now save the project in a database format1. After exporting
the project to a database format, it is classied under the ‘in databases’ branch as can be
seen in gure A.4 on the facing page. We are now ready to start analyzing the data.
1This is actually not a database sensu stricto, but a directory structure that saves all data and metadata. Despite
this technical dierence, the possibility to save the progress in processing and analyzing a dataset feels like working
on a database to the user for all intents and purposes.
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Figure A.4: Calculation and visualization of a category table containing the number of devices from
each major class at the dierent locations and the entire project.
A.3.2 Analyses
As described in section A.2 on page 144, each detection is accompanied by the class of
the detected device. As it is our intention to explore pedestrian movements, we need to
investigate whether the detected devices are appropriate as proxies. This is not a trivial
question, as a wide variety of devices is nowadays equipped with Bluetooth technology and
some of these devices are either stationary (e.g. desktop computers) or linked to vehicles
(e.g. carkits). Exploring the types of Bluetooth devices detected at dierent locations can be
done by calculating a category table in GISMO, the dialog for which is visible in the lower
left corner of gure A.4. After specifying a name, the result is added under the ‘Category
tables’ branch. A tabular representation is automatically shown in the GUI when a user
selects the node, a visual representation can be plotted through the ‘Visualize’ dialog. In
this case, a stacked bar chart has been plotted showing that all corridors and most stages
almost exclusively detect phones (Major class = ‘Phone’). Only the entrance, three stages and
especially the backstage restaurant are associated with signicant shares of ‘Audio/Video’
devices. Upon further inspection, these devices belong to the minor classes ‘Handsfree’ or
‘Headset’ indicating that these devices are often associated with vehicles. Not surprisingly,
the ve locations with higher shares of these devices are all located in close proximity to the
road to the west of the festival area (gure A.15 on page 157). Because we are now working
in a database project, the disk icon in the toolbar (fourth from left) has become enabled
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indicating the metadata we just created can be saved to the database.
In order to further investigate the dierences between the (major) device classes, we rst
make a selection for each class as shown in gure A.5. This is done in the ‘Make new se-
lection’ dialog, where an attribute constraint (constraining on the major class, minor class,
device brand, or service class) is used. Other possible constraints include spatial (‘device
was detected by sensor A’), temporal (‘device was detected at t’), spatiotemporal (‘device
was detected by sensor A at t’), sequential (using regular expressions of sensor characters),
selectional (‘device is part of selection S’), and sampled property value (cfr. sample collec-
tions). All of these constraints can be combined through an and/or operator. Because ‘Make
new selection’ is chosen, the new selection will appear under the ‘Selections’ branch of
the ‘Projects’ tree. This branch can then be browsed just like the ‘Moving objects’ branch
containing all devices in the dataset. The GUI additionally reports the number of devices
(‘moving objects’) and trajectories that were found.
Figure A.5: Calculation of a new selection which only contains Bluetooth devices of the ‘Computer’
major class.
To investigate whether the phones show a dierent spatial distribution than other devices
(which may be static in nature and thus only linked to one location), we can take a sample
of each selection that was previously made, as depicted in gure A.6 on the next page. Out
of all samplable properties, we rst select the one(s) that we want to calculate. We then limit
to each appropriate selection in order to only sample the trajectories in that selection. Each
time, a sample collection is added to the data tree. The ‘collection’ terminology was chosen
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because a sample collection can consist of multiple samples, each sample associated with
a sampled property (e.g. each device can be sampled for the number of locations it was
detected at and the time dierence between the rst and last detection). Selecting a sample
in the GUI reveals the individual sampled objects and property values in the top-right table.
Some statistical summary statistics are listed beneath this table. The median value of 1
visited location for the devices with major class ‘Unknown’ already seems to suggest that
these devices are not representative for capturing visitor movements, but a histogram for
all device classes might oer a better overview.
Figure A.6: Calculating a sample of the ‘Number of locations visited’ property for each previously
calculated selection based on the major device class.
Whenever a sample (collection) is selected in the ‘Projects’ tree, the icon for creating a
histogram is enabled. When it is clicked, a dialog is opened where the bin width and the
minimum threshold need to be specied. Figure A.7 on the following page shows this dia-
log and the rst histogram created for the sample collection calculated for the Audio/Video
devices, now lodged under the ‘Histograms’ branch. On the right, we can see the bins, and
the absolute and relative frequencies of property values within the limits of each bin.
After all seven histograms are calculated, we can plot them simultaneously through the
‘Visualize’ dialog (the same dialog as shown in gure A.4 on page 149). The result is visible
in gure A.8 on page 153. Phones clearly have the largest spatial spread of all the classes,
Audio/Video devices the smallest. The other classes have a much smaller footprint in the
data. In the remainder of the analyses, we will constrain to phones.
The number of devices detected by a sensor is representative for the crowdedness of its
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Figure A.7: Calculation of a histogram based on a selected sample.
location. By calculating a time-series, we can get an insight into the temporal nature of
the crowdedness. In GISMO, we can do this by calculating another type of metadata: a
device count time series. Figure A.9 on the next page shows the dialog for doing so in the
lower left corner, together with two plots. In the input dialog, the user needs to specify the
locations for which time-series need to be generated together with the temporal resolution.
Additionally, we also specied that only phones need to be counted by checking the ‘Limit
to selection’ checkbox. Just like the other metadata, the calculation results appear in the
‘Projects’ tree and can be examined in a tabular fashion or plotted graphically. The graph in
the top-right corner shows the time-series for all eight stages over the three festival days.
The graph beneath shows the time-series for one individual stage and is further annotated
with the bands playing that day. These events which are also listed in the ‘Projects’ tree
were manually entered in a text format in the project database folder.
Before continuing the analysis, we should investigate how long devices are generally
detected when someone passes a sensor location. We again take a sample collection, now
based on the ‘staying time’ property at each location. As gure A.10 on page 154 shows,
selecting this samplable property automatically populates the table below with the staying
time at each location. We select all these properties, and constrict to phones. The new
sample collection now consists of 15 samples. We calculate a histogram, as was previously
shown in gure A.7 and visualize it. The resulting plot is also shown in gure A.10 on
page 154. It becomes clear that all locations are associated with a very high share of solitary
detections (intervals with a duration of 1 second, and no detections prior or later within 10.24
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Figure A.8: Plot showing the relative cumulative distribution functions for the ‘number of locations
visited’ property, subdivided over all major classes.
Figure A.9: Calculation of a device count time series.
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seconds). These very weak and almost coincidental detections are caused by devices further
away from the sensor. Once a device gets closer, detections follow up each other more
closely leading to actual detection intervals. The abnormal frequency of these instantaneous
detections is an indication that these may be considered as noise in the data, and should be
ltered out.
Figure A.10: Calculation of a sample collection of the durations of detection (‘staying time’) at each
sensor location and visualization of the histogram.
Filtering in GISMO is done through the ‘Create ltered view’ dialog, which is shown in
gure A.11 on the next page. In this case we choose to ‘remove sightings strictly smaller in
length than’ 2 seconds. There are many more ltering options available, one of which is the
‘compression’ of detection intervals. With this option, subsequent and co-located detection
intervals which are separated by a time gap shorter than the specied threshold can be
compressed into one longer interval. The eect of a lter combining both options is shown
in gure A.12 on page 156. This lter is a live lter, meaning that it applies throughout
the GUI and any further calculations as long as it is not turned o by unchecking the rst
checkbox in the dialog. As soon as the lter is turned o, all data returns to its original state.
Now that we know how a lter works, we will investigate the travel time between the
entrance and the rst corridor behind the entrance (‘corridor_sf’). If we dene this travel
time as the time dierence between the rst detection at the entrance and the rst detection
at the corridor (as represented in gure A.13 on page 156), we can interpret this as a queuing
time for entering the festival area.
We now calculate the travel times, rst without a lter and subsequently ltering out
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Figure A.11: The ‘Create ltered view’ dialog applies a live lter on the dataset that will be used
throughout the GUI or any metadata calculations made as long as the ‘Use lter’ option is checked.
the solitary detections. The dialog for doing so is shown in gure A.14a on page 157. Se-
lecting the ‘Travel time between ([[)’ option populates the list below with all combinations
of two locations. The two opening squared brackets represent the rst detections at both
locations being used for the calculation. The distributions with and without lter are plot-
ted in gure A.14a on page 157. Whereas the unltered distribution seems almost entirely
long-tailed, ltering out the solitary detections clearly reveals a peak around 1 minute and
15 seconds. While this insight is interesting, examining one single distribution for the entire




Figure A.12: Bluetooth detections without a lter (a) and with a lter removing solitary detections
and compressing detection intervals within 1 minute of each other (b).
Figure A.13: Conceptual representation of the queuing time from the entrance to the rst corridor in
the festival area.
congested moments.
In order to incorporate temporal eects, we can calculate a sample collection time series.
This is basically a sample collection where all sampled properties not only return a value
for each sampled object, but also a timestamp. We can calculate a sample collection time
series through the same dialog as for a regular sample collection, but now checking the
‘Construct time series’ option as shown in gure A.15 on the facing page. As soon as the
calculations are nished, a new object appears under the ‘Sample collection time series’
branch of the ‘Projects’ tree. Selecting this object, the table on the right lists the sample
size, minimum, maximum, average and median values for each time period. This object can
also be visualized as a box-plot, which is also shown in gure A.15 on the next page. The
graph shows that the queuing time usually remains below two minutes, except for the rst
day between 1 and 5 pm. The highest median queuing time of around 6.5 minutes is situated
between 3 and 4 pm on the rst day.
To investigate the movements in between the sensor locations in an aggregated way, a
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(a) (b)
Figure A.14: Calculation of travel times between two sensor locations (a), and visualization of the
histograms of the travel times distribution before (blue) and after (red) ltering (b).
Figure A.15: Calculation of a sample collection time series, and its visualization through a box-plot.
ow chart can be calculated. Figure A.16 on the following page shows how certain input
parameters can be set in the corresponding dialog (e.g. a minimum and maximum duration
of a move, and the locations to include in the chart). The resulting ow chart is again added
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to the ‘Projects’ tree. It can be visualized as a KML (Keyhole Markup Language) le, which
can be opened in Google Earth. Although not shown in the screenshot, we again used a
live lter removing solitary detections. As with the sample collections, there is also an
option to incorporate the temporal aspect by creating a ow chart time series. The ows
in the resulting KML le will then automatically be associated with timestamps, allowing
animations of ows to be studied.
Figure A.16: Calculation of a ow chart, and its visualization in Google Earth as a KML le. The
red circle in the ow chart represents the entrance, the blue circles the stages, the yellow circles the
corridors, and the purple circle the backstage restaurant.
Besides ows, we can also visualize the Bluetooth trajectories as such. Again, the out-
put of GISMO is a KML le which can be opened in Google Earth. An example is shown
in gure A.17 on the next page, where two trajectories selected in the ‘Projects’ tree are
exported to the KML le. The dialog shows several options, one of which is to color the
trajectories according to the color they are assigned in GISMO. Colors can be assigned by
double-clicking any object representing a set of one or more trajectories (i.c. trajectories,
devices, selections, sensors and projects). The time slider in the Google Earth window indi-
cates that the segments of the trajectories are also associated with a timestamp. This allows
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the trajectories to be viewed incrementally as they progress over time.
Figure A.17: Spatiotemporal visualization of two selected Bluetooth trajectories. Note that the colors
in the KML le correspond to the colors in the GISMO user interface. The red circle in the ow chart
represents the entrance, the blue circles the stages, and the yellow circles the corridors.
A.4 Final remarks
In this chapter, we presented a toolkit tailored to the analysis of episodic and proximity-
based tracking data. The toolkit is named GISMO refering to its use as a GIS analogon for the
analysis of moving objects. Although it was developed for handling Bluetooth tracking data
— as demonstrated in the overview in section A.3 on page 145 — other data sources can be
used as well, as long as they have the same format as described in section A.2 on page 144.
For tracking data gathered through another technology than Bluetooth, one can just use
dummy values of 0 for the class of device code. The user interface will then classify all
devices as the type ‘unknown’ with no identied Bluetooth services. If the data additionally
does not contain valid MAC addresses (either 17 characters long with colons, or 12 without




The toolkit’s main merit is that it assembles a number of common procedures in prepro-
cessing, selecting, transforming, analyzing and visualizing episodic proximity-based data
under one accessible user interface. This way, we believe that an important contribution of
the toolkit is the lowering of the learning curve to work with a data type that is becoming
more common due to the growing importance of network-based tracking technologies. The
live ltering option, as shown in section section A.3.2 on page 149, increases the versatility
of the toolkit signicantly and allows for a very thorough exploration of the data and its in-
herent degrees of noise and inaccuracy. The ability to export to KML les for visualization
purposes increases the utility of the toolkit even further. Although not shown in section A.3
on page 145, all types of metadata can also be copied in a csv format to the terminal window
the toolkit was started from. The output of GISMO can then be further analyzed or mined
with software specically suited for that task.
Although the toolkit has already been used for analyzing very large datasets (in the order
of 100 million log lines), it does contain a potential bottleneck for even larger datasets. All
data (regardless of the project being ‘in memory’ or ‘in database’2) resides in RAM memory
for the entire lifetime of the program. As such, the toolkit will not be able to handle datasets
that are larger than the amount of internal memory of the computer it resides on. The overall
performance of the toolkit is acceptable for oine analyses, but real-time environments
will need a shift to a dierent architecture with a genuine database backend making use of
indexes for increasing performance.
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Academic year Student Title
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Table B.2: Tracking projects summary.
Year Project Number of daysa Number of locationsb
2009
Rock Werchter 4 36
Nacht van de onderzoekers 1 17
I Love Techno 1 15
Horeca Expo 5 20
2010
Rock Werchter 4 38
Gentse Feesten 10 59
Student Kick O 1 30
I Love Techno 1 27
Horeca Expo 5 12
Shopping Gent-Zuid 19 56
2011
Ronde van Vlaanderen 1 1c





Toerisme Gent 29 15
Gentse Feesten 10 34
Student Kick O 1 12
Pukkelpop 3 15
2013 Gentse Feestend 10 38
a Actual duration of the running project.
b Both permanent and temporary locations.
c Mobile platform.




Menigtes (‘crowds’), en meer bepaald de bewegingen van personen die hen vormen, vor-
men een belangrijk onderzoeksthema in tal van domeinen. Wanneer deze menigtes als
tijdruimtelijke eenheden beschouwd worden, vormen ze bijvoorbeeld een potentieel vei-
ligheidsrisico rond essenhalzen (‘bottlenecks’) wanneer een te grote dichtheid aan perso-
nen bereikt wordt. Lossere groepen van individuen met gelijkaardige intenties worden dan
weer vaak bestudeerd vanuit een een micro-economische (bv. binnen een winkelcentrum)
of toeristische context (bv. binnen een stadscentrum). Om deze bewegingen rechtstreeks te
bestuderen of simulaties en modellen te valideren is er een grote noodzaak aan empirische
gegevens. Verplaatsingen van grote groepen op kleine schalen zijn echter zeer moeilijk in
kaart te brengen doordat conventionele methodes vaak een directe participatie van het be-
studeerde individu inhouden en dus moeilijk te schalen zijn naar grote groepen. Indirecte
observatie via camera’s vormen een alternatief, maar analyses van trajecten zijn beperkt tot
het zichtsveld van één camera doordat individuen onder realistische omstandigheden niet
over verschillende camera’s gevolgd kunnen worden.
Het meten van bewegingen van objecten die gerelateerd kunnen worden aan bewegingen
van personen biedt betere uitzichten. Verschillende van deze ‘proxies’ zijn reeds bestudeerd,
maar de laatste jaren heeft het onderzoek zich duidelijk geconcentreerd rond het gebruik
van mobiele telefoons. Ondanks de vele technologische mogelijkheden, blijkt er echter nog
steeds geen geschikte methodologie te bestaan om kleinschalige bewegingen van menig-
tes in kaart te brengen. Het anoniem traceren van verplaatsingen op basis van gegevens
van mobiele operatoren biedt immers wel het voordeel dat er geen participatie nodig is
van de bestudeerde individuen, maar kan slechts een ruimtelijk detailniveau aanleveren op
basis van de dichtheid van het netwerk van celmasten. Vaak zijn bewegingen binnen het-
zelfde captatiegebied van eenzelfde celmast net het meest relevant met betrekking tot hun
geograsche context. In contrast hiermee staan methodologieën op basis van GPS (global
positioning system) technologie, die wel gedetailleerde informatie kan leveren maar te sterk
afhankelijk zijn van (de verschillen in) de graad van participatie van de verschillende indi-
viduen.
Recent is reeds aangetoond dat andere draadloze technologieën gebruikt kunnen worden
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om de aanwezigheid van een mobiel toestel lokaal te detecteren. Door de grote verspreiding
van de technologie over mobiele toestellen en door de vrij eenvoudige detectieprocedure, is
vooral Bluetooth reeds voorgesteld als alternatief om kleinschalige bewegingen te capteren.
Door het plaatsen van sensoren op strategische plaatsen binnen een studiegebied kunnen
de bewegingen van detecteerbare (‘discoverable’) toestellen tussen deze sensoren vrij een-
voudig en op een anonieme wijze gereconstrueerd worden (‘Bluetooth tracking’). Naast
gemotoriseerd verkeer kunnen zo ook voetgangersbewegingen gemeten worden. Doordat
de graad van ruimtelijk detail zelf te bepalen is door de plaatsing van de sensoren, en er
geen participatie nodig is van het publiek lijkt de methodologie vooral uitermate geschikt
voor het opmeten van verplaatsingen van grote menigtes op kleine schaal.
Ondanks deze voordelen zijn er nog maar weinig gedocumenteerde experimenten in de
wetenschappelijke literatuur. Zo blijft het vooralsnog onduidelijk wat het uiteindelijke po-
tentieel van de methodologie is. Dit proefschrift trachtte hierin een duidelijker beeld te
scheppen door [i] zowel de mogelijkheden als de beperkingen van Bluetooth tracking op
massa-evenementen uitgebreid te illustreren; [ii] te onderzoeken of er applicaties mogelijk
zijn buiten de context van massa-evenementen; en [iii] het analyseren van Bluetooth trac-
king gegevens en hun specieke eigenschappen dieper te verkennen. Vertrekkend van de
wetenschappelijke literatuur werden deze objectieven vertaald naar een onderzoeksagenda
bestaande uit vier onderzoeksvragen. Elk van deze onderzoeksvragen werd achtereenvol-
gens behandeld door een apart hoofdstuk. Twee van deze hoofdstukken zijn reeds gepu-
bliceerd in een internationaal peer-reviewed academisch tijdschrift, één is geaccepteerd en
één wordt momenteel beoordeeld. De vier onderzoeksvragen waren:
RQ 1: Welke mogelijkheden biedt Bluetooth tracking bij het bestuderen van tijdruimtelijke
dynamieken binnen menigtes op massa-evenementen?
RQ 2: Kan Bluetooth technologie gebruikt worden ommenigtes verpreid over een ruim gebied
te tellen en in kaart te brengen?
RQ 3: Hoe kan de beweging van een menigte tussen twee sensoren in gemodelleerd worden?
RQ 4: Wat is de waarde van Bluetooth tracking buiten de context van massa-evenementen?
Hoofdstuk 2 op pagina 19 behandelde onderzoeksvraag 1 door een case study tijdens
de Gentse Feesten 2010 te bespreken. Zowel het evenement als het werkingsprincipe van
Bluetooth tracking werden uitvoerig besproken. Speciale aandacht ging ook naar de ge-
bruikte Bluetooth ‘scanners’ en sensoren. Gedurende tien dagen werden bezoekers op 22
locaties (waarvan 11 binnen de evenementenzone) door Bluetooth-sensoren gedetecteerd,
wat aanleiding gaf tot een dataset van 80.828 mobiele telefoons die 152.487 trajecten aeg-
den binnen de evenementenzone. Het informatiepotentieel van Bluetooth tracking voor een
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massa-evenement werd vervolgens geïllustreerd door verschillende analyses uit te voeren.
Zo werd er via steekproeven eerst bepaald dat 11±1,8% van het publiek traceerbaar was. Met
deze ‘detectie-ratio’ konden we ruwe schattingen maken van aantallen bezoekers. Zo werd
het totale aantal bezoekers over het volledige evenement op ongeveer 1,4 miljoen geschat,
wat in de lijn lag van de verwachtingen van de organisatie (1,5 miljoen). Door de gegevens
van de verschillende sensoren in de feestzone te aggregeren brachten we op een gedetail-
leerde manier het aantal bezoekers over de tijd heen in beeld. Waar het publiek overdag
verspreid is over de meeste pleinen, tekende er zich ’s nachts een duidelijke concentratie af.
Een volgende analyse toonde aan dat de meerderheid (65%) van de geregistreerde personen
slechts één dag het evenement bezocht. Het aandeel meerdaagse bezoekers per plein vari-
eerde onderling sterk van ongeveer 8% tot meer dan 20%. Door bezoekers ook te detecteren
in de twee treinstations en de park&ride tramhalte buiten het centrum, demonstreerden we
dat het aandeel bezoekers dat de trein nam vrij gelijk was over de verschillende dagen heen
(5–6%), maar dat het aandeel tramgebruikers sterker varieerde per dag (3–7%). De duur
van een bezoek bedroeg gemiddeld iets minder dan vier uur, maar werd gekenmerkt door
een grote spreiding. Een beknopte stroomanalyse legde een karakteristiek patroon bloot
waar stromen gelijkmatig verdeeld zijn overdag, maar er ’s nachts duidelijke concentraties
plaatsvinden gevolgd door een algemene uitstroom. Het hoofdstuk werd afgesloten met een
discussie die eerst de meerwaarde van de methodologie besprak, en nadien ook focuste op
problemen die nog verder onderzoek vergen. Zo werden er belangrijke vragen gesteld over
de representativiteit van de verzamelde gegevens naar de volledige populatie toe (leeftijd,
geslacht, onderwijs, enz.).
Waar een menigte binnen een niet te grote en duidelijk afgelijnde evenementenzone nog
in kaart kan gebracht worden door een netwerk van statische Bluetooth sensoren, wordt
deze benadering niet meer haalbaar wanneer een publiek een veel groter gebied bestrijkt.
Er diende dan ook onderzocht te worden of en hoe Bluetooth tracking nog bruikbaar is
binnen zo een scenario. Hoofdstuk 3 op pagina 45, trachtte op onderzoeksvraag 2 een ant-
woord te formuleren door het publiek van een wielerwedstrijd (Ronde van Vlaanderen 2011)
in kaart te brengen door middel van een mobile mapping experiment waar toeschouwers
langs de kant van de weg gedetecteerd werden door Bluetooth sensoren op een mobiel plat-
form dat hetzelfde traject als de wielrenners aegde. Een experiment vóór de wedstrijd
toonde aan dat de snelheid van het mobiele platform een negatieve invloed had op het de-
tectieproces, maar dat een klasse 1 Bluetooth sensor (dit is de meest gevoelige klasse) zelfs
tegen vrij hoge snelheden geen statische toestellen langs de weg mistte. Tijdens de wed-
strijd werden door twee Bluetooth sensoren bijna 16.000 telefoons gedetecteerd. Door het
afgelegde traject op te delen in segmenten van 1 kilometer werd een gedetailleerd beeld van
de relatieve drukte langsheen het parcours verkregen, waar drukke zones meestal meestal
overeenkwamen met hellingen of kasseistroken. Door over verschillende segmenten visu-
ele tellingen van toeschouwers (via een camera op het mobiele platform) te vergelijken met
het aantal gedetecteerde Bluetooth-toestellen, werd een detectie-ratio van 14,3±3,9% met
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outliers, en 13,0±2,3% zonder outliers berekend. Door extrapolatie op basis van deze cijfers
werd een inschatting gemaakt van het aantal toeschouwers op het drukste segment en over
het hele parcours. Een verdere analyse op de dataset verzameld tijdens de wedstrijd toonde
geen onmiddellijk rechtstreeks verband tussen snelheid en een aantal indicatoren van het
detectieproces. Wel vertoonden beide sensoren op het platform een vrij kleine overlap in
gedetecteerde toestellen, wat de impact van de exacte plaatsing van sensoren op het plat-
form aantoont. De relatieve standaardfout van 17,9% bij het inschatten van de grootte van
de menigte lag iets hoger dan de alternatieve methodologieën besproken in de literatuur,
maar de grootste meerwaarde van de belichte proof-of-concept lag niet louter in het tel-
len van een publiek als dusdanig maar eerder in het in kaart brengen ervan, en bijkomend
tijdruimtelijke inzichten te verwerven op basis van individuele trajecten.
In hoofdstuk 4 op pagina 67 werd de spatiotemporeel schaarse of episodische (‘episodic’)
aard van Bluetooth tracking gegevens onder de loep genomen. Doordat toestellen slechts
op een beperkt aantal locaties gedetecteerd worden, bestaan de tracking gegevens vaak uit
lange periodes waar de locatie van een toestel niet gekend is. Er werd onderzocht of de
beweging van een menigte tussen twee locaties in gemodelleerd kan worden (onderzoeks-
vraag 3). Hiertoe werd aansluiting gevonden met concepten uit de tijdsgeograe. Een ver-
blijf van een toestel ter hoogte van een sensor is conceptueel immers vergelijkbaar met een
vaste activiteit op een bepaalde locatie, en het modelleren van de mogelijkheden tot exi-
bele activiteiten tussen twee vaste activiteiten in is vergelijkbaar met het modelleren van
de bewegingsvrijheid tussen twee sensoren. Op basis van het concept van een tijdruimte
prisma werd een model ontwikkeld waar de gezamenlijke aanwezigheid van gedetecteerde
individuen tussen twee sensoren over een netwerk heen berekend kan worden. Door de
afwijking ten opzichte van het kortste pad te beperken werden van deze ontmoetingsmoge-
lijkheden enkel de meest realistische (‘feasible’) overgehouden. Het model werd toegepast
op de gedetecteerde bezoekers van het Lichfestival te Gent in 2012. Door de ontmoetings-
mogelijkheden van alle bezoekers op verschillende tijdstippen te berekenen, werd de be-
weging van de menigte langsheen het uitgestippelde bezoekersparcours gereconstrueerd.
De output van het model kon als een inschatting van de potentiële drukte geïnterpreteerd
worden, maar verdere gegevens dienden de nauwkeurigheid van de bekomen simulaties te
controleren.
Waar onderzoeksvragen 1–3 uitgaan van het gebruik van Bluetooth tracking voor het
bepalen van posities van tijruimtelijk verenigde menigtes, verlegt onderzoeksvraag 4 de fo-
cus naar groepen personen met vergelijkbare intenties. In hoofdstuk 5 op pagina 89 werd
de probleemstelling concreet naar een toeristische context vertaald. Gedurende twee we-
ken werden bezoeken aan de voornaamste toeristische attracties in Gent geregistreerd door
Bluetooth sensoren. Bijkomend werd een deel van de bezoekers als hotelgast geïdenticeerd
door sensoren in een aantal hotels te plaatsen. Er werd aangetoond dat activiteiten slechts
uit detectiegegevens afgeleid kunnen worden nadat het aanwezige ruis in de sensorgegevens
weggelterd werd. Nadien werden eerst verschillende bezoekerssegmenten afgeleid op ba-
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sis van onder andere het verschil tussen bezoeken aan open en gesloten attracties, en het al
dan niet geïdenticeerd zijn als hotelgast. Voor elk van deze bezoekerssegmenten werd dan
gekeken naar welke attracties vaker gecombineerd bezocht werden door middel van een
associatieregel-analyse. De resultaten werden gecombineerd geograsch in kaart gebracht
door middel van ‘bezoekpatroonkaarten’ (‘visit pattern maps’). Ondanks de noodzaak aan
lters en de beperkte tijdsduur van het tracking experiment, werd aangetoond dat door
de combinatie van Bluetooth tracking en een data-mining techniek zoals associatieregel-
analyse interessante en waardevolle inzichten verworven kunnen worden. In de discussie
werd verder besproken hoe de resultaten op zowel korte als langere termijn gebruikt kunnen
worden voor een beter toeristisch beheer.
In appendix A op pagina 141 werd de GISMO-toolkit voorgesteld. Deze software werd
gedurende de laatste vier jaar ontwikkeld om de verzamelde Bluetooth tracking gegevens te
verwerken. De verschillende mogelijkheden van de toolkit werden uitvoerig geïllustreerd
door een dataset verzameld op een muziekfestival te verwerken.
In de afsluitende discussie in chapter 6 op pagina 121 werden eerst de wetenschappelijke
bijdrages van de verschillende studies opgelijst. Daarna werd er dieper ingegaan op enkele
aspecten van de Bluetooth tracking methodologie die nog verder onderzocht dienen te wor-
den. Zo zal een diepgaandere interpretatie van bewegingen van menigtes extra informatie
over getrackte individuen noodzaken, maar de exacte implementatie van een combinatie
van Bluetooth tracking met kwalitatieve methodes zoals interviews blijft onduidelijk. Ver-
der blijkt de Bluetooth detectie-ratio over de jaren heen gezakt te zijn, en dient de toekomst
uit te wijzen of Bluetooth-technologie vervangen of gecombineerd moet worden door/met
andere draadloze technologieën zoals bijvoorbeeld WiFi. Een enquête in 2013 leverde de
eerste aanwijzingen voor een zelfselectie bias (‘self selection bias’) op basis van geslacht en
leeftijd, maar verder onderzoek is nodig om de tijdruimtelijke variabiliteit van deze bias te
doorgronden. Ten slotte werd ingegaan op privacy-aspecten van de methodologie, zowel
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